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Summary

This work presents a vision-based staircase identification system which comprises two
sequential tasks: 2D staircase detection followed by 3D staircase localization. The 2D
detector pre-screens the input image and the 3D localization algorithm continues the

task of retrieving geometry of the staircase on the reported region in the image.

The 2D staircase detector defies conventional thinking by exploring the issue from the
machine learning perspective. It implements a binary classifier based on Viola-Jones
rapid object detection framework. This thesis introduces a novel set of PCA-based Haar-
like features which extends the classical Haar-like features from local to global domain
and are extremely efficient at rejecting non-object regions at the early stages of the
cascade. To adapt the framework to the context of staircase detection, modifications
have been made on the scanning scheme, multiple detections integrating scheme and

the final detection evaluation metrics.

The “V-disparity” concept, originally used for ground plane estimation in autonomous
navigation, is applied to detect the planar regions on the staircase surface. “V-disparity”
can locate 3D planes quickly from disparity maps. However, its inherent drawbacks
impede it from being used in wider applications. We have made improvements to the

original “V-disparity” concept to adapt it to the application of 3D staircase localization.
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Chapter 1 Introduction

1.1 Motivation

In recent years, the topic of autonomous navigation for unmanned ground vehicles
(UGV) has been a hotspot in the computer vision community. The detection of road-
elevated delimiters, such as curbs, is of great importance to the estimation of the
vehicle’s position relative to the lane for safe driving. Curb detection and localization is a
well established issue in the literature [1], [2], [3], [4]. Some researchers extend the
problem of curb/step detection and localization to staircase detection and localization,
mostly with range data obtained from a diverse set of sensors being used for the

purpose [5], [6].

Staircases are ubiquitous man-made land features, designed to bridge large vertical
distances for humans. However, the ability to detect and climb the stairs automatically
is still a great challenge to robots. Intensive research on state-of-the-art stair climbing
algorithms [7], [8], [9], [10] is still ongoing. Stair detection is not a matter of
consideration in these researches as they assume the robots have been aligned directly
heading the staircase. For a robot to be fully autonomous, automatic detection and
localization of the staircases in the world environment is of equal importance to stair
climbing itself. This requires the robot to gain real time information about the
environment, such as the minimum robot stair distance, the dimension and orientation

of the steps, the free negotiable area on the staircase surface etc.
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This thesis confines itself to a vision strategy for staircase detection and localization in
the sense of forgoing the aid of any other means of sensing systems. An established
paradigm [11], [12], [13], [14] for vision-based staircase detection relies on the accurate
extraction of linear patterns that correspond to the perspective projections of parallel
lines in Euclidian space. This type of method will inevitably make lots of misclassification
errors. Consider a highly structured urban setting where floors and pavements are
covered with checkered tiles. The dominant features that could be extracted from the
scene are a set of concurrent lines. However, none of them belongs to a staircase.

Stereo vision could solve the problem at the cost of extra processing time.

This thesis does not attempt to cover every aspect on autonomous stair climbing, but
focuses on the domain of (stereo) vision-based 2D/3D staircase detection and
localization. The proposed algorithm consists of 2 stages. The first stage employs a fast
2D staircase detector to pre-screen every frame acquired from the camera, the second
stage is triggered only when staircases are found from the previous stage. 3D operation

is performed only on the region reported by the 2D staircase detector.

1.2 Objective

This project attempts to think outside the box and develop creative solutions to the old
problem of staircase detection and localization. The final detector should be able to
detect most of commonly seen staircases with parallel edges. Like most of the existing

methods we do not consider spiral staircases.
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The solution should avoid using straight lines as the only source of clues for monocular
analysis, and the performance of the 2D staircase detector should not rely on the

availability and distribution of linear features.

For 3D staircase localization, it must produce accurate 3D results, including the camera

staircase geometry and the dimensions of each step of the staircase.

1.3 Major contribution of the thesis

This thesis presents 3 major contributions to the community:

e Improved Viola-Jones object detection framework for staircase detection
Viola-Jones object detection framework [26] presents the machine with a set of
labeled training samples, both positive samples which are instances of target
objects and negative samples which are arbitrary images that are free of the
intended targets. The machine searches a broad-based feature pool to find
statistically best features that separate the positives from negatives with
minimum error rate. Finally, these selected features are synthesized into a so-
called “strong classifier” that classifies any valid input into either positive group
or negative group.

In the context of staircase detection, we have made the following improvements

and changes to the original Viola-Jones object detection framework:
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1. Enhanced Haar-like feature pool with global contrast descriptors termed
“PCA-based Haar-like features”, which will soon be singled out as
another major contribution of the thesis (Chapter 3).

2. Redefines positive samples from the final intended targets (staircases) to
a part of a staircase, in order to weaken the large intra-class
uncertainties across individual staircases (Section 3.3).

3. Uses the statistically more reasonable Real AdaBoost algorithm to replace
the simple Discrete AdaBoost in training. (Section 4.2).

4. A different scanning scheme employs a constant sampling rate at various
scales of the cascade detector (Section 4.4).

5. Because the positive samples fed into training are parts of staircases,
integration of primitive detections is necessary. The process greatly
reduces the chances of occurrence of false positives. (Section 4.5)

6. A new real-valued rating scheme is introduced to assess the accuracy of
the final detections instead of the Boolean classification scheme (Section

4.6.1).

e PCA-based Haar-like features
This thesis proposes a novel set of Haar-like features, termed “PCA-based Haar-
like features”. The features extend the classical Haar-like features from merely
local contrast descriptors to global filters that are extremely efficient at rejecting

non-object regions in the early stages. A few PCA-based Haar-like features could
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work as well as a large number of classical features. These features are manually
designed by users based on the discretized PCA images of the positive data set.
On top of that, PCA-based notion can be generalized to the design of target-

oriented Haar-like features for any objects.

e “V-disparity” for quick plane extraction from disparity maps
For 3D staircase localization, we have tried to work in the “V-disparity” space.
Since the advent of the “V-disparity” concept, it has been widely used in the
applications of ground plane or road surface estimation for its simplicity and
high-speed capability. The “V-disparity” method is very fast at plane extraction
and staircases can be modeled as a collection of planar regions. The “V-disparity”

concept is used to quickly locate these planar regions on the staircase surface.

1.4 Organization of the thesis

The thesis is organized into 7 chapters with the first and last chapter introducing and
summarizing the thesis respectively. Chapter 2 through 6 can be divided into 2 parts.
The first part covers Chapter 2 to 4, which explores the task of 2D staircase detection.
Chapter 2 reviews conventional line-based 2D staircase detection algorithms and the
well-known Viola-Jones object detection framework. Chapter 3 introduces a novel set of
PCA-based Haar-like features and how they were designed. Chapter 4 proposes the 2D

staircase detection algorithm based on Viola-Jones framework and presents thorough
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and comparative experiments. Chapter 5 and Chapter 6, discusses the problem of 3D
staircase localization. Chapter 5 reviews the “V-disparity” concept and briefly illustrates
the derivation of relevant formulae. Chapter 6 proposes the 3D staircase localization

algorithm and gives 2 experiment scenarios.
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Chapter 2 An Introduction to Viola-Jones Face Detector

2.1 Introduction to 2D staircase detection

Conventional 2D staircase detection methods are based on the recovery of the
interrelated stair edges from monocular images or video sequences [11], [12], [13], [14].
The underlying principles for these methods, at the highest level of abstraction, are
identical, that is to extract a group of concurrent lines that are possibly projected from a
world space structure containing parallel lines. However, they can be broadly
categorized into two groups in terms of their objectives. The first group of methods aims
at guiding their mobile robots for autonomous stair climbing, assuming the robots were
on the stairway. The heading direction and robot position with respect to the stair could
be estimated with the extraction of the line segments correspond to the stair edges.
These parameters are then used to steer the robot. The second group of methods aims
at detecting staircases from given images by seeking for groups of lines, exhibiting
certain pattern and geometric relations. This is in line with our interest of discussion

here. The emphasis of this part is thus placed on the second type of the methods.

Despite the objectives diverge; the process of implementation of the conventional
methods could be summarized into three stages. In the first stage, straight lines are
detected. The best group of parallel lines or concurrent lines is then extracted if they
were present in the subsequent stage. Stage three differs in how the lines are used. The

first group of methods will use these lines to recover the robot-stair offset parameters,
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while the latter seeks further support to verify the hypothesis that the pencil of lines or
partial of them are projected from a stair-like structure in the space. Simply speaking, it
tries to search for two groups of interleaving edges that are equally spaced in the space.

The following subsections will brief each of the stage.

2.1.1 Line detection

Lines are important intermediate constructs, frequently used in high-level visual
interpretation processes, such as staircase detection. Research in line detection has
continued active from the landmark paper of Roberts [15] in computer vision history to

the current time.

Following an initial edge extraction process, various techniques have been proposed to
aggregate the local information into more global line-like structures, a difficult task in
many domains. These methods include Hough transform [16], edge tracking and
contour following [17], gradient orientation guided points clustering [18], curve fitting

[19], graph theoretic methods[20], relaxation algorithms[21]... a long list to recall.

With the variety of methods proposed, the choice is surely application dependent. This
section will not touch on the working principles of each method, but put the focus on
the investigation of which should be potentially superior to the others in the context of

staircase detection.

Hough transform is most widely used and often appears after Canny edge detection.

This classic combination is used in [13], [14] to extract the stair edges. However, Hough
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transform may end up with undefined results in cluttered edge image. Unluckily, this is
often the case in staircase images. [12] has envisaged this issue, and introduced a
template operation to the edges, attempting to filter out the unwanted details. The idea
is rather simple: if an edge gets through or partially get through the template boundary,
it may be a line within. If no edge pixels reside on the boundary of the template, the
inner content can be eliminated. This filtering technique is effective for isolated pixels,
but may fail if the trivial edges are ramblingly linked with each other. The authors then
fit remainder regions as lines and link the collinear segments. Curve fitting makes sense
since [12] assumes the robot is on the stair. [11] also perceives the inability of Hough
transform and generic edge detectors, but from another perspective. It claims that
shadows can break stair edges and the generic edge detectors can cause the linear
characteristics completely missing in low contrast regions. The authors take a least-
commitment approach in the initial edge pixels detection by omitting the thresholding
processing entirely. Edge tracking and contour following method is then used to grow
the line segments by iteratively adding new pixels into the existing edge and updating
the line parameters. The piecewise linear segments are then linked based on some

grouping criteria until no new line segments occur.

As we shall see, no matter what method is used, it seldom gets an elegant result. A
robust algorithm is always facing the confrontation of large cross individual variations of
stair instances, a single tuning in the full spectrum of parameterization may cause the
detection results change drastically, and a lot of other unforeseen problematic

situations. However, we can still draw an empirical conclusion, that edge tracking and
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contour following is better than the others. Another benefit associated with edge
tracking is that when we know the stair edges are near horizontal, line growing is

directed towards the right direction.

2.1.2 Parallel and concurrent lines detection

If lines are the cornerstones of staircase detection, the extraction of parallel and

concurrent lines establishes the skeleton of the whole work.

When the stairs are fronto-parallel to the image plane, parallelism is preserved. For the
stair climbing applications [11], [12], the task could be reduced to parallel lines
detection. While for generic staircase detector, it requires further consideration. It is
well known that the projections of 3D parallel lines intersect at a point, called vanishing
point. They are invariant features of a scene and have been employed for both
qualitative and quantitative image analysis. Qualitatively, vanishing points can be used
to group lines for image matching, quantitatively they have been suggested for use in
camera calibration or for solving inverse perspective mappings in structured machine

vision applications [22].

There are two ways to find concurrent lines. One approach is to search for vanishing
points using Hough transform [23]. The vanishing points are characterized as those
points where most of the supporting line segments intersect. However, Collins and
Weiss [24] considered vanishing point computation as a statistical estimation problem

and observed that it is not reliable when not many lines are passing through that point.
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A different approach is proposed in [14] for concurrent lines detection. Starting from the
lines detected in stage one, the algorithm first picks out groups of lines within an preset
angle range as seeds and checks each seed for concurrency, discarding those which do
not intersect well. This is done by applying a least square procedure to the seed lines to
find the point which is closest to these lines. Afterwards, the residual is computed as an
indicator of how well the lines intersect. If it is less than a certain threshold, the lines are
considered concurrent, else they are eliminated. Now, for each resulting seed, it seeks
further support from other lines to expand the group. The group with the maximum
number of supporting lines is selected as the hypothesis for a staircase. Moreover, the
algorithm discards short edges and those that are far away from the rest which are likely

to arise from features other than a staircase.

The concurrent lines detection algorithm introduced in the last paragraph generally
works well for staircase detection. Reasons are that, firstly we have narrowed down the
searching domain of the line segments since we roughly know the orientation of the
edges; secondly, stair edges are long and dominant linear features, this avoids
consideration of short non-stair edges. Lastly, the subsequent partition stage allows

certain degree of outliers to coexist with the actual stair edges.

2.1.3 Partition staircase edges

For the first group of staircase detection methods, the parallel lines will be used to
estimate the robot-stair offset parameters to help the steering of the vehicle. However,

for the second type of methods, an additional layer of constraints is needed to verify
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that the underlying structure consists of two sets of equally spacing and interleaving
parallel lines, the convex and concave stair edges. This is now a much stronger
constraint for a regular staircase compared to merely searching for structures with
parallel lines. In addition, the partition of the concurrent (parallel) lines has the potential
of recovering missing lines and removing outliers. [14] gives three ways to partition the

edges.

2.1.3.1 Cross-ratio

In mathematics, the cross-ratio is defined on an ordered 4-tuple of distinct points on a
line and an ordered 4-tuple of concurrent lines in a plane. The cross-ratio of four

collinear points A, B, C and D shown in Figure 2.1 is defined as:

AC-BD (2.1)
BC-AD

(A,B;C,D) =

Figure 2.1: Cross-ratio
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Cross-ratio is a projective invariant in a sense that it is preserved by the projective

transformation. Thus, we have:
(A',B";C',D")=(A,B;C,D) (2.2)

Suppose A',B',C'and D' are the four distinct points on a line passing through four

consecutive concave (convex) stair edges. For a regular staircase, we can derive the

following length relation:
A'B'=B'C'=C'D' (2.3)
When the points are projected onto the image plane, we have:

AC-BD AC'B'D' _

_ ~1.33 (2.4)
BC.AD BC'AD

(A,B;C,D) =

This numerical invariant is employed to gather relevant lines. The best two groups of

alternate lines are then selected as the stair edge projections if they are present.

2.1.3.2 Linear homography

In computer vision, we define linear homography as a projective mapping from one line
to another. The mapping of points on a line to points on a raster line of our image is an
example of linear homography. It is possible to express this mapping in terms of matrix
multiplication if we use homogeneous coordinates to express both the viewed point and

the point on the raster line to which the viewed point is projected:
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point along the space line. If we define an arbitrary space line passing through the
concave (convex) stair edges, the intersections of the line with the stair edges will be
projected into collinear points in the image. If we have three of these mappings, we
could determine the homography matrix explicitly. Technically, it is possible to group
any three lines in the image as the projections of three consecutive stair edges which
have equal spacing between each other. Thus we can use some consecutive integer
values for V' (e.g. 0, 1, 2) in Equation 2.5 to calculate the coefficients in the homography
matrix. We can then substitute neighboring integer values (e.g. -3, -2, -1, 3, 4, 5...) into
Equation 2.5 to estimate the projections of these points and seek support in the image.
This method can also recover missing edges. We will retain the ones with good support
(= 4) since every selection will have at least three supporters. Among the good
selections found, we need to choose two of them which do not overlap with each other

and their union has a maximum size among all the other choices.

PNP,=4¢, PUP,cP (2.6)

Where P, and P, represent the two partitions. If the two partitions cannot be found or

their union size is far too low, that means the edges found cannot be partitioned into

two sets of equally spaced lines or too many edges are missing.
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2.1.3.3 Intensity variation

The above two methods use rigid geometric constraints to partition the stair edges. One
of the most useful contributions made by [14] is the observation that stair edges in gray
scale images usually represent intensity delimiters from dark to light or from light to

dark. The intensity profile along a line drawn in Figure 2.2 (a) is given in Figure 2.2 (b).

(a) (b)

Figure 2.2: Intensity variation (a) original image with a line crossing stair edges (b)
intensity profile along the line

It is clear from the profile that there exists a pattern of up and downs of the intensity,
corresponding to the tread and riser of the stair steps. In order to facilitate the partition,
the average intensity along that line is used to threshold the image to obtain a binary

image as shown in Figure 2.3.
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Figure 2.3: Binary threshold stair image

From the binary image, it is possible to quickly partition the edges and remove outliers.

Geometric constraints can be applied to refine the partitions as well.

Using intensity variation is simple. However this does not always make sense.

2.1.4 Discussions

We have categorized the conventional line-based staircase detection methods into two
groups and introduced the three main stages implemented in these methods. From a
pragmatic perspective, it will be hard to draw a convincing conclusion that lines with
certain pattern drawn from an arbitrary image can prove the existence of a staircase
object if there’s no reliable 3D data to back the argument, since the equal spacing

constraint used in stage three are ubiquitously present in artificial objects. In view of
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this limitation, [11] [12] are not addressing the issue of stair detection in the literal
sense, but are taking advantage of special imaging effects of stair edges to achieve a
specific engineering task of autonomous stair climbing for robots. However, they
provide useful insights into solving the elementary but knotty image processing issues,

like line extraction and linking through cluttered images etc.

Nevertheless, [13] is the most comprehensive piece of work that | have ever seen as far
as 2D stair detection is concerned. It actually has 3 parts, and we have only introduced

the second part so far, which is the short-range staircase detection.

The first part tackles the detection of distant staircases where stair edges may not be
resolvable from edge images. The method treats the staircase pattern as a type of
texture for detection. It convolves the image with a series of Gabor filters [25] at various
frequencies and orientations, then finds a combination of a frequency and an
orientation that gives the best response in that direction but poor at the orthogonal as
opposed to the best orientation. The region corresponds to the best response in the

convolved image is retained as the staircase region.

In the last part, the method tries to recover the staircase pose by a homography search
approach. It iteratively applies an updated slope (initial guess: 45°) to the search space
to find the best vertical rotation angle such that the homograply transformation turns
out a set of horizontal lines and 2 sets of equally-spaced edges in the image. The process

is iterated three times before converging on the final values of the staircase slope angle
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and the vertical rotation angle, which is equivalent to the robot-stair offset angle in the

first category of stair detection methods.

As you may have expected, line-based staircase detection relies heavily on the
robustness of the line detection algorithm. Even this problem is cleared; you still cannot

convince people that you’ve detected a staircase not a cluster of zebra crossing.

This project discards the conventional methods used so far, and uses a machine learning
based algorithm to train a binary classifier as a staircase detector. This was inspired by
the success of Viola-Jones face detector [26] and its applications for the detection of
various objects. Next section will give an introductory description of machine learning
concept and a detailed description of one of the machine learning algorithms: AdaBoost,
which is successfully used in Viola-Jones face detector. The chapter will be then

concentrating on Viola-Jones face detection algorithm.

2.2 Machine Learning

This thesis tries to introduce the Machine Learning concept into staircase detection.
Machine learning is a scientific discipline that is concerned with the design and
development of algorithms that allow computers to learn based on data, such as from
sensor data or databases. A major focus of machine learning research is to automatically
learn to recognize complex patterns and make intelligent decisions based on data. In

recent years, machine learning has many successful applications in computer vision,
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such as optical character recognition, human face and pedestrian detection, image

segmentation and a lot more [26], [27], [28].

Machine Learning techniques can be divided into a broad range of categories such as
supervised learning, unsupervised learning, semi-supervised learning, analytical learning,
reinforcement learning, active learning etc. Supervised learning deals with learning a
function from labeled data sets. Unsupervised learning is concerned with algorithms
that form clusters or groupings to learn patterns or associations from datasets that have
no specified class labels. Semi-supervised learning deals with data sets that are
combination of labeled and unlabeled samples. Analytical learning uses data sets that
have background knowledge or domain theory instead of labeled examples.
Reinforcement learning deals with algorithms that learn a control policy through
reinforcement from an environment. Active learning is concerned with unlabeled data
sets that can be labeled in a sequential process in the sense that the corresponding

labeled examples contribute to obtain a more accurate function.

This thesis is focused on supervised learning. The task of supervised learner is to predict
the value of any valid input instance after having been presented a number of labeled
training samples. Common supervised learning techniques include k-nearest neighbors,
neural networks, decision trees, support vector machines and boosting. The AdaBoost
[29] algorithm, a member of boosting family, is used to train the staircase detector

presented in this thesis.
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2.2.1 Boosting

Machine learning studies techniques to train the machines to make accurate predictions
based on previous observations. However, a highly accurate predication rule is
extremely hard for the machines to learn based on finite samples; nevertheless, it may
not such a difficulty to come up with some moderately accurate rules of thumb. The
method or algorithm to find these moderately accurate rules of thumb is called “weak”
or “base” learning algorithm. The question is that whether a “weak” learning algorithm
that performs just slightly better than random guessing can be “boosted” into an
arbitrarily accurate “strong” learning algorithm. Kearns and Valiant [30], [31] were the
first to pose this question. Later, Schapire [32] proposed the first provable polynomial-
time boosting algorithm to construct such a better ensemble of “weak” learners in 1989.
The AdaBoost algorithm, introduced in 1995 by Freund and Schapire[33], is considered

as a first path-breaking step toward practically feasible boosting algorithms.

2.2.2 AdaBoost

The AdaBoost algorithm for binary classification is the most well-known boosting
algorithm. It takes as input a training set (X;, ¥,),-..,(X,,, ¥,,) , Where each X; belongs to
some domain or instance space X , and each label Y, is in some label set Y . When
applied to object detection, the training set is consisted of two groups of examples,
labeled as positive samples and negative samples respectively. Positive samples are

simply images of target objects, which must be carefully cropped to trim off background

regions. While negative samples are randomly selected image sub-windows which do
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not contain any instance or part of the target object. In the binary classification context,

the label set Y can be denoted as Y ={-1,+1}.

% Given: (X, V¥,),-,(X,,Y,) Where (X;,y;) € X x{-1+1}
% Initialize D,(i) =1/m.
% Fort=1---T

» Train weak learner using distribution D, .

> Get weak hypothesis h, : X — {-1,+1}with error:

X D@hx) -y

t 2 (2.7)
» Choose
1. 1-¢
a, =—In(—) (2.8)
2 &
» Update the weights:
. D, (i)exp(-c, V. h. (X
0,1 - DLV (x) 29
t

where Z,is a normalization factor chosen so that D,,, will be a distribution.

«* Output the final hypothesis:

H(x) = sign(iatht(x)j (2.10)

Table 2.1: The boosting algorithm, AdaBoost
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Table 2.1 illustrates the pseudocode of AdaBoost algorithm. The main idea of AdaBoost
is to maintain a distribution of weights over the training set. Samples are initially
weighted depending on the application, and are often set with equal weights. This initial

distribution is denoted as D,. The weight of the distribution on training example i on
round t is denoted as D, (i) . AdaBoost repeatedly calls a weak or base learning
algorithm in a series of rounds t =1,---,T . Over the rounds, weights of incorrectly

classified examples are increased so that the next weak learner is forced to focus on the

hard examples.

The weak learner’s job is to find a weak classifier h, : X — {-1,+1} appropriate for the
distribution D, such that the weighted in-sample misclassification error rate ¢, is

minimized as shown in Equation 2.7.

. . 1 e
Without loss of generality, we can assume that &, < > since these weak classifiers

predict outcomes just slightly better than random guessing.

Once the weak classifier has been trained, AdaBoost chooses a parameter «, which
measures the performance of h, on the training examples. Intuitively, «, gets larger as
&, gets smaller. ¢, is used to update the distribution such that the weights of

misclassified examples are increased while decreasing the weights of correctly classified
examples. Thus, the weight tends to concentrate on “hard” examples. The final
ensemble is a linear combination of the T weak classifiers as shown in Equation 2.10,

where ¢, is the weight assigned to h,.
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AdaBoost can be extended to multi-class classification problem which is not detailed
here. Practically, AdaBoost is easy to program, it has no parameters to tune. It requires
no prior knowledge about the weak learner and so can be flexibly combined with any
method for finding the weak classifiers. Finally, it gives a set of theoretical guarantees,
given sufficient data, and a weak learner that can reliably provide only moderately

accurate weak hypotheses.

2.3 Viola-Jones face detector

In 2001, Viola and Jones [26] published their illustrious cascade face detector that is the
most successful application of AdaBoost algorithm. Compared with its predecessors [34],
[35], Viola-Jones method is the first demonstrates real-time performance for human
face detection. Its impressive performance helped to “boost” the recognition of
AdaBoost algorithm against other well-known machine learning techniques in the
pattern recognition community. A lot of related works, established on the basis of Viola-
Jones face detection framework and focused on partial improvements [36], [37], [38]
and/or extended applications for the detection and tracking of other objects, such as
soccer ball [39], pedestrian[40], license plate[41] and various body features[42],[43],
[44], have been reported in recent years. To the best of the author’s knowledge, no such
attempt has been made in the detection of staircases. It was always our wish to apply
this versatile framework to 2D staircase detection since the current methods have some

inherent drawbacks.
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The success of Viola-Jones method relies on a combination of four key concepts: A
simple rectangular feature, called Haar-like feature; a new image representation called
the “Integral Image” which allows rapid calculation of Haar-like features; the AdaBoost
algorithm, which selects a small number of critical visual features and guarantees the
accuracy of the detector; and finally a cascaded structure of boosted classifiers, which
discards background regions quickly while concentrating on promising object-like
regions. These concepts can be generally divided into two functioning groups in terms of
different purposes. The Haar-like feature and integral image representation, as well as
the cascaded classifiers are powerhouses for rapid detection, while the AdaBoost

algorithm safeguards the detection accuracy.

2.3.1 Haar-like feature

i
11

= 1 L

Figure 2.4: Basic Haar-like feature set

The rectangular features used by Viola-Jones are reminiscent of Haar wavelets which

have been used by Papageorgiou et al [45]. The Haar wavelets are natural set basis
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functions which encode differences in average intensities between adjacent regions.
Papageorgiou’s Haar wavelets actually operate within squares rather than arbitrary
rectangles. They shift wavelets at scales of 4x4 pixels and 2x2 pixels in 19x19 sample
face images and eventually generate 1734 square features. Viola-Jones redesigned the
Haar wavelets into Haar-like features, which operate on arbitrary rectangles and yield a
much more redundant set of around 160,000 instances at 24x24 base resolution.

Examples of Viola-Jones basic Haar-like features are shown in Figure 2.4.

A Haar-like feature is defined as the difference of the weighted pixel sums of areas
(black and white rectangles) inside the outmost rectangle. Each sub-rectangle is
weighted such that the weighted area of positive (white) regions equals that of negative
(black) regions. The values of Haar-like features indicate certain local characteristics of
the target object. For example, a 2-rectangle feature can indicate where the border

between a dark region and a light region lies.

* ¥
=

S e

=
I[l]
®

Figure 2.5: Extended Haar-like feature set

Lienhart and Maydt [46] presented an extension to the basic set with 45 rotated

features as shown in Figure 2.5. They also demonstrated comparable computation
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efficiency for their tilted Haar-like features. The extended set of tilted Haar-like features
adds additional domain knowledge into the learning framework, which is hard to learn

from the basic set.

The motivation to use features rather than raw pixels is to reduce intra-class, and
increase inter-class variability. On top of that, features operate faster than directly
manipulating pixels. This is also concurrent with our efforts of developing real-time

object detection algorithms.

2.3.2 Integral Image

A B
1 2
C D
(x, v) : :
(a) (b}

Figure 2.6: Integral image representation

Integral image is a new image representation technique introduced by Viola-Jones for
the purpose of fast Haar-like feature calculation. The integral image has its roots in

“summed area table” used in graphics [47].
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In Figure 2.6 (a), the integral image at location (X, Y) contains the sum of all pixels

above and to the left of the concerned pixel (X,Y) , inclusive:

iixy)= Di(xy) (2.11)

X'<X,y'<y
Where, ii(X,Y) is the integral image and i(X, y) represents the original image.

Haar-like features require the calculation of pixel sums within rectangles. The integral

image fits that purpose well. In Figure 2.6 (b), A, B, C and D are the pixel sums for

their respective rectangular regions, giving us the following equations:

i) =A
ii(2)= A+B

(2.12)
ii(3)=A+C

ii(4)=A+B+C+D

With these values available at locations 1, 2, 3and 4 in the integral image, we can
calculate the pixel sum D within any rectangular region with just three integer
operations:
D=ii(4)-ii(2)—ii(3)+ii (D)

=(A+B+C+D)-(A+B)-(A+C)+ A (2.13)

=D
The integral image works equally efficient for rectangles at any size and any location. In
fact, the first step for training and running the classifier is always to convert the input

raw images into integral images.
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2.3.3 AdaBoost algorithm

In Viola-Jones face detector, AdaBoost is used both to select features and to train the
weak classifiers. The weak learning algorithm is designed to select a Haar-like feature

f, and an optimal threshold v, ,which best separate the positive and negative examples
at current distribution D, . A weak classifier h, (x) thus consists of a feature f,, a

threshold v, and a parity p, indicating the direction of the inequality sign:

(2.14)

h, (X) = 1 if p, fi.(X) <Py
-1 otherwise

Equation 2.14 indicates that the weak classifiers are decision trees that are only one
level deep. The one level decision stump is allowed just one decision of the following

form:” Is the value v of a particular feature f, above or below some thresholdv,”; a

“yes” indicates face and a “no” indicates no face.

AdaBoost then iteratively builds up a classifier as a weighted sum of these kinds of weak

classifiers as illustrated in Table 2.1.

2.3.4 Cascaded classifier

A well-established face detection paradigm is to traverse a constant detector over a
series of pyramid images in order to detect faces at various scales and locations.

Observations reveal that an overwhelming majority of the sub-windows are non-faces
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and most of the processing time is wasted on these background regions. However, a
change in the mindset could lead to a reformulation of the detection problem into a
cascaded rejection problem, meaning that the final detector could be composed of a
cascade of rejecters. At each stage, a substantial portion of the sub-windows are
rejected, and only sub-windows that pass through all previous stages are eligible for the
next stage. With this design, more effort and computing power can be directed towards
the later stages which concentrate on the harder regions, while keeping the early stages

as simple as possible.

Viola-Jones face detector is a 32 layer cascade of classifiers which includes a total of
4297 features. The first classifier in the cascade is constructed using two features and
rejects about 60% of non-faces. The next classifier has five features and rejects 80% of
remaining non-faces. The next three layers are 20-feature classifier followed by two 50-
feature classifier followed by five 100-feature classifier and then twenty 200-feature
classifiers. Despite a large number of features involved in the cascade, they managed to
run the detector at an average of 8 features per sub-window evaluated on the
MIT+CMU test set, compared to a constant number of 37 features in a single layer
classifier used by Papageorgiou et al [45]. It is the cascading design that particularly

made the Viola-Jones detector the first real-time face detector.
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2.4 Summary

This chapter reviews general 2D staircase detection methods at the beginning of the
chapter. We also introduced Viola-Jones object detection framework. The framework

incorporates several innovative features.

e |t uses Haar-like input features which encode local brightness information.

e [t introduces integral image technique which enables rapid computation of the
values of rectangular regions and thus Haar-like features.

e [t uses AdaBoost algorithm to select features and builds classifiers which are
characterized by high detection and weak rejection.

e It organizes the strong classifiers created by AdaBoost algorithm into a cascaded
structure which allows a substantial portion of the sub-windows in the input
image to be rejected from the classification chain in the early stages. This design

helps Viola-Jones face detector run at an unprecedented speed.

AdaBoost algorithm is the core of the Viola-Jones object detection framework. Thus, an

insight into the algorithm is also given before the introduction of Viola-Jones framework.
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Chapter 3 PCA-based Haar-like Features

3.1 Introduction

This chapter proposes a generalized framework for target-oriented Haar-like feature
design. It tries to automate the process of summarizing the visual characteristics of
target objects and goes a step beyond traditional perception-based Haar-like feature
design. Within the framework, each feature designed, by nature, is an abstract
representation of a principal component of positive samples. The features thus are

termed “PCA-based Haar-like features”.

3.2 Target-oriented Haar-like features

As mentioned in Chapter 2, Haar-like features are good local contrast descriptors. The
classical features introduced in Section 2.3.1 are applicable to objects beyond human
faces. However, they are sometimes insufficient to express both the local and global
characteristics unique to a particular class of objects. Training with such a degenerated
feature pool will result in an unnecessarily lengthy and ponderous cascade which will
inevitably prolong the detector’s processing time. In order to create simple classifiers,
target-oriented Haar-like features are proposed [48], [49] to supplement the classical

ones.
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Islam et. al. [48] supplement two Haar-like feature bases shown in Figure 3.1 for ear
detection. They claim these features are designed for curves of the helix and anti-helix.
In [49], new feature bases shown in Figure 3.2 are proposed for eye detection. These

features are specifically designed to capture various local characteristics of eye region.

Figure 3.1: Target-oriented Haar-like features for ear detection

e = =

Figure 3.2: Target-oriented Haar-like features for eye detection

These target-oriented features overcome the symmetry limitation of classical Haar-like
features and are capable of representing the targets with fewer features than the
conventional ones. However, the features are designed based on the authors’
perception of the target objects. Neither of the above methods provides direct rationale
behind their Haar-like features. Following sections will introduce a generalized

framework for systematic Haar-like feature design, using staircase as an example.
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3.3 Positive sample collection

We need a set of positive samples to create the PCA-images. Hence, it is necessary to
prepare the positive samples first. Unlike human faces, staircases are manmade objects.
Their visual characteristics are highly dependent on the designers. They may have
different colors, made of different materials, decorated with different patterns and
consisting of different numbers of steps. Even the same staircase exhibits different
visual effects under varying illumination and ambience. On top of that, we may not be
able to differentiate a clear-cut boundary of the staircase from a given image, since
sometimes staircases are only partially visible through the lens. To make the learning-
based method practically possible on manmade objects with large intra-class variability,
such as staircases, uncertainties must be weakened while stressing the commonalities
among the positive samples. In line with this notion, two constraints are imposed on the

preparation of a positive sample set.

The first constraint restricts the selection of candidate staircases. Only commonly-seen
straight-line staircases with enough illumination are collected in the raw image
collection stage. Staircases with rarely-seen materials and decorations are excluded
from the training data set because their inclusion does not provide commensurate
benefits, but generally degrades the performance of the final detector. By imposing this

constraint, individual uncertainties are weakened.

The second constraint applies to the selection of region(s) of interest (ROI) in a staircase

image. The ROl is selected as a square region that covers three successive steps. A step
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consists of a tread and a riser plane. Attention must be paid to the treads since the
distant treads are more likely to be occluded by the risers. As a general rule of thumb,
distant steps should be avoided. Thus, our definition of a staircase object or a positive
sample is a square region contains three successive and completely visible steps. Less or

more than three steps are considered negative and should not be detected. This

Figure 3.3: Positive samples collection

definition of staircase restricts the searching domain of the detector. On the other hand,
it makes the detector sturdy and unaffected by situations such as partial visibility and
unknown number of steps, since we are only interested in part of the staircase. With

this constraint, positive samples now look more akin to each other with increased level
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of commonalities in their structures. An organized state is achieved from an otherwise

chaotic state.

Examples of accepted and rejected staircases are shown in Figure 3.3. Selected ROls are
overlaid on accepted staircases; these square regions are instances of the positive data
set. The last point worth noting is that you can crop multiple regions from one staircase
image as long as they do not closely duplicate each other. This is useful when you don’t
have enough samples for statistical analysis. In our training set, we cropped 500 positive

samples from 380 staircase images.

3.4 Continuous PCA images

PCA is an important computation in statistical analysis and is widely used for data
analysis in many fields. PCA transforms a number of possibly correlated variables into a
smaller number of uncorrelated variables called principal components. The principal
component of the largest eigenvector is the most informative axis containing the largest
spread of the samples. The second most important direction corresponds to the one
associated with the second largest eigenvalue, etc. One important application of PCA is

data compression.

With the availability of the positive data set, we can use PCA to find the principal
components, along which the positive samples are scattered. The principal components

of the data can be obtained as follows:
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First, we have a set of 500 24x24 staircase images. They are straightened out row by

row into 576 dimensional column vectors. So the training set becomes{s, ,S, ,-:-, S} -

1 500

Then the average staircase is found: s, =—— ) S, . Next, the average staircase is
500 —=

subtracted from every training image so that the resulting staircase data set has zero

mean and we obtain a 576x500 matrix: X =[S, =S, ., S, —S..»***Ss00 — Sue |- NEX, We

ave !

1
compute the covariance of X :C = 500 XX ". Since we only need a few principal

components (in our experiment this number is 5), we only extract the first 5

eigenvectors corresponding to the 5 largest eigenvalues of the covariance matrixC .

(5)

Figure 3.4: Five continuous PCA images
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The 5 principal components are finally converted back into 24x24 images shown in
Figure 3.4. These images are continuous in terms of real-valued pixel intensities. Note

that the PCA images herein and hereafter are all normalized for display.

3.5 Discrete PCA images

A continuous PCA image can be discretized by converting it from continuous space into
an equivalent discrete space. In a discrete space, the continuous pixel values are
categorized into n bins. If n = 2, a binary thresholded image is obtained as shown in
Figure 3.6. The discretized PCA images can be used as guidelines for Haar-like feature

design.

3.6 Designing PCA-based Haar-like features

The PCA-based Haar-like features are a small set of user designed target-oriented Haar-
like features that are created based on the discretized PCA images of the positive data

set. Figure 3.5 illustrates the flow diagram for the creation of these features.

The design of PCA-based Haar-like features is indeed a process of converting the
discrete PCA image from an n-level image into a 3-level image, with ternary

representation:{—1,+1,0 (don't care)}. In discrete PCA images, pixels falling into the

same bin often cluster to form connected gray level regions. The design first involves
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( positive data set )

principal continuous discrete PCA Haar-like
components PCA images images features
L
( real-valued vectors) real-valued arrays ( 3-level images )

Figure 3.5: Flow diagram of PCA-based Haar-like feature design

the extraction of regions with minimal and maximal gray levels. The regions are then
approximated with rectangles. It is difficult to define a clear-cut boundary for the
rectangles. Hence, there is no ultimate solution in the process of PCA-based Haar-like
feature design. Generally, the designing process should try to follow the principle of

generating correct, accurate, symmetric and easy to program features.

We discretized the 5 continuous PCA-images with different number of bins (n), each
time a set of 5 Haar-like features are produced. Figure 3.6 and 3.7 show the discrete
PCA images and their corresponding Haar-like features with n = 2 and n = 4 respectively.
Figure 3.8 lists all the 25 PCA-based Haar-like features fed into the training feature pool.

For the features in each row, n= 2, 4, 6, 10, 20 respectively.

Classical Haar-like features are local and unable to capture global characteristics of
target objects. On the contrary, features listed in Figure 3.8 are all global features.

Hence, the PCA-based Haar-like features are suitable global characteristic descriptors.
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(5) ()

Figure 3.6: Binary discretized PCA images and their Haar-like feature counterparts



ATTENTION: The Singapore Co

pyright Act appl

s to the use of this document. Nanyang Technolog

11l

e
W
ot

(b)

]

(c)

(e)

ical University Library

40

Figure 3.7: Quaternary discretized PCA images and their Haar-like feature counterparts
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Figure 3.8: A table of all 25 PCA-based Haar-like features used in training

In [41], two global statistical features have been used as the first 2 layers in the cascade.
These layers can filter out background regions at the global level, which greatly mitigate
the burden on subsequent Haar-based analysis. The PCA-based features created here
resemble the global statistical features [41]. However, we will let the data to determine
whether and when to use these features, instead of hard coding them into the

beginning of the cascade.
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The target-oriented Haar-like features proposed in [48] and [49] are feature bases.
When scaling and shifting the bases across the sample image, they generate tens of
thousands Haar-like feature instances. Supplementing all these instances into the
classical feature pool will drastically prolong the training. On the other hand, PCA-based
Haar-like features have predefined scales and locations in the base image. The 25 PCA-
based Haar-like features displayed in Figure 3.8 almost have no impact on the size of the

feature pool, but greatly increase the Haar-like feature diversities.

The principal components can scatter the data, so do the PCA-based Haar-like features.
This argument will soon be reinforced by experimental data presented in Section 4.3.3.
The scattering of positive samples also makes these features highly compatible with the

real AdaBoost algorithm (Section 4.2).

Last but not least, weight for each rectangle in the feature must be carefully adjusted in

order to achieve an equal weighted-area balance between black and white regions.
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3.7 Summary

This chapter proposes a generalized target-oriented Haar-like feature design framework.
A small set of Haar-like feature instances are created systematically with the aid of
discrete PCA images of the positive data set, instead of forging the feature bases based

on personal perception on the target object.

The PCA-based Haar-like features extend the features from local to global domain and
are effective global pattern descriptors. The PCA-based Haar-like features have their
roots on principal components of positive data set. Hence, the positive samples are
believed to scatter along these features. The advantages of PCA-based Haar-like

features will soon emerge in the next chapter.



ATTENTION: The Singe

Chapter 4 2D Staircase Detection

4.1 Introduction

This chapter introduces a 2D staircase detection algorithm based on Viola-Jones object
detection framework. The algorithm follows the infrastructure of the original framework
with some improvements. PCA-based Haar-like features are added to the feature pool.
Real AdaBoost algorithm is used to replace the original Discrete AdaBoost. The scanning
scheme, integration scheme and evaluation metrics have been modified for
compatibility with staircase detection. At the end of this chapter, experimental data is
given alongside with detailed analysis. Lastly, a comparative study on the performance
of the proposed algorithm with one of the start-of-the art line-based staircase detection

methods [14] is presented.

4.2 Real AdaBoost

Conventional AdaBoost algorithm makes Boolean predictions:{—1,+1}, as shown in

Equation 2.14, which is often known as Discrete AdaBoost. An improved version, real
AdaBoost algorithm [50], however maps the sample space X to a real-valued spaceR.
Real AdaBoost assigns confidence rather than prediction to an input sample X . This
project uses real AdaBoost to replace the original Discrete AdaBoost in the training of

the final detector. Details of the algorithm are shown in Table 4.1.
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% Given: (X, Y,),-, (X, Y,)Where (X,Y;) € X x{-1,+1}
% Initialize D, (i) =1/m.
& Fort=1---T

> For each weak classifier h do:

e Partition X into several disjoint blocks X,,---, X .

e Calculate
W' =P(x e Xy, el)= D D) (4.1)
i xjeXjay;=l
where | =21,
e Set the output of hon each block Xj as

]

1. (W!+e
vxe X, h(x)==In 42— 4.2
- 2u{1) o

where ¢ is a small positive constant.

e Calculate the normalization factor
Z=2) (W W (4.3)
i

» Select h,minimizing Z, ie.
Z = mhinZ

. (4.4)
h, =arg min yA

» Update the weights: D, , (i) = D, (i) exp[-Y;h, (X;)], and normalize it into a

distribution.

% The final strong classifier H is

H (x) = sign iht(x)—b} (4.5)

.
Conf, (x) = Z h, (X) - b‘ (4.6)
t=1
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where b is a threshold whose default is zero. Equation 3.6 gives the confidence of H

Table 4.1: Real AdaBoost algorithm

In line with the real AdaBoost partition rule, the weak learner divides the training set
into nsubsets for each feature f according to their values of Haar-like features f (x) .
Examples falling into the same subset will be assigned an equal confidence value, which
depends on the sample distribution within the subset as shown in Equation 4.2. A
cumulative impurity factor Z | given in Equation 4.3, is computed for each feature and
the feature corresponding to minimum Z is selected in the current round of feature

selection.

Essentially, real AdaBoost deals with a confidence-rated weak classifier instead of a

simple Boolean prediction as illustrated in Figure 4.1.

1 ]
Threshold "
| s
g I =
5 | -
S 14— =
o =
E o
a 5
= I R
g ° E
& 2
(] _1 5
| e
l Hl——
f(x)
(a) (b)

Figure 4.1: Discrete threshold and real-valued confidence
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4.3 Training

Training is the most time-consuming part in Viola-Jones object detection framework,
generally taking time on the order of weeks or even months. The following sections
focus on the training algorithm that the project adopts and an analytical review is given

to the first layer of the cascaded classifier.

4.3.1 Inter-stage sample selection

For training of binary classifiers, we need positive and negative samples. We have no
direct means to obtain a complete staircase data set, except collecting samples by our
own effort. Most of the positive samples are acquired from a 3.2-megapixel Sony Cyber-
shot cell phone camera. We cropped 500 positive samples from 380 staircase images.
Negative samples are sub-regions from 9,000 arbitrary images that do not contain

staircases.

All positive samples are first converted to gray scale and resized to a 24x24 base
resolution, with the variance normalized to minimize the effect of different lighting

conditions.

For the first stage, all 500 positive samples and 1,500 negative samples are fed into
training. Samples taken by subsequent stages must pass through all previous layers.
Rejection may progressively slim down the positive data set over stages. However, the
number of negative samples absorbed by each stage must maintain a proportion of 3

times that of the positive samples fed into that stage.
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Positive samples are extracted from prescribed ROIs while negative samples can be
selected from random regions at random scales. To broaden the negative data set in
order to cover diverse background conditions, we let each stage recycle through all the
9,000 negative images. Each stage starts reading in negative samples from the last
image used by the previous stage. A new cycle restarts from the first image once it
reaches the end of the data set. Only one region is cropped from each image in each
cycle, the cropped region is tested by the partial cascade that is currently available.
Validated regions are fed into the negative data set of the stage. The process continues
until the required number of negative samples is achieved. This mechanism makes the
negatives change on a per-stage basis, while the “core interest” of the 500 positive

samples remains unchanged throughout the training process.

4.3.2 Training a cascade of classifiers

Training is driven by a set of detection and performance goals. Without loss of

generality, our detector should achieve at least 80% detection rate and an extremely

low false positive rate on the order of 107° .

As mentioned in Chapter 2, each stage trains a strong classifier using the AdaBoost
algorithm. Examples used to train subsequent stages must survive the test of all
previous stages. The overall detection rate of the cascade can be estimated by

multiplying the detection rates of all its constituent stages as:
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D= Hik:ldi (4.7)

Similarly, the overall false positive rate can be estimated by:

F=]T.,* (4.8)

where k is the number of stages, andd;, f, are the detection rate and false positive rate

of the ith stage. This implies that the users can control the overall performance by
specifying the stage goals. In the experiment, we expect a 30-stage classifier with a

0.995 detection rate and a 0.5 false positive rate for each stage. The final detector thus

achieves at least 0.995* ~ 0.86 overall detection rate and 0.5%° ~9.3x10™° false

positive rate on the training examples.

The above design of stage classifiers is straightforward and simple to code. It is widely
used and is also adopted by our program. However, it may not be the most efficient in
terms of minimizing the number of features used in the cascade. Given the required

overall goals, the optimization process needs to take into consideration the number of

stages, the number of features for each stage and the stage threshold, etc.

When training a stage classifier, the AdaBoost algorithm continuously adds new features
into the stage until the required stage goals are met. New layers are added to the
cascade if the overall goals are not met yet. Our program was terminated at the 29"
stage since the desired performance is achieved earlier than expected (30 stages). The

training process is illustrated in Table 4.2.
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User set minimum stage detection rated , maximum stage false positive rate f and
the number of expected stages N .

ops N
Calculate overall false positive rate F, . = f .

=0
While F, > F

target

and i < N

1 . 1 1 - . .
> Initialize weights w, | = Z—,Efor positives and negatives, respectively,
, m. 2l.

i i
wherem,, |, are the number of positives and negatives fed into stage i.
»> While f, > f

= Use real AdaBoost to train a weak classifier and add it to the stage classifier.
= Update the weights.
= Evaluate current partial stage classifier on the training set and sort the

results to obtain 2 sequences: P N

eval / eval

= Determine stage threshold t,: N, (f) <t, <P, (d), where N, (f)is the

minimum threshold to guarantee the maximum accepted stage false positive

rate f, P, (d) is the maximum threshold to maintain the minimum

val

detection rate d .

o If [N, (f), P, (d)] exists, decrease t,as much as possible
(t; =N, (f) ) to maximize the detection rate.

eval

o Elsesett, =P, (d)

> Add the stage classifier into the cascade (i < 1+1)

Table 4.2: 2D staircase detector training algorithm
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4.3.3 An insight into the first layer

Our final detector is a 29-layer cascade of classifiers which includes a total of 655

features. The PCA-based Haar-like features play an asymmetrically important role in the

cascade in view of their small proportion in the feature pool. These features gradually

lose their edges after the first 10 stages. This is meaningful as global features gradually

lose competence in separating on-stage samples when training progresses.

An insight into the first layer is elaborated as follows.

The first layer selects 3 features. They are overlaid on a typical staircase image and

shown in Figure 4.2.

Figure 4.2: Selected features in layer 1

The first 2 features selected happen to be the first 2 PCA-based Haar-like features. They
capture the global characteristics of the selected ROls. It can be easily understood why
these 2 features are first selected by the real AdaBoost algorithm. The distribution of
the on-stage training samples over these 2 features is shown in Figure 4.3. Positive
samples are shown in red and the negatives in blue. The abscissa axis represents the
first PCA-based Haar-like feature. The distribution map shows the positives are

scattered while the negatives, though in a much larger quantity, are compressed to the



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

52

central region of the map. This distribution is consistent with our prediction in the

previous chapter.

The real AdaBoost partitions the samples according to their Haar values. It can easily be

seen from the map that the impurity factor of lateral partitions are simply 0. That is

' + POS
' . P + NEG

Figure 4.3: Sample distribution over the first 2 PCA-base Haar-like features

why AdaBoost selects these features first. Samples distributed like Figure 4.3 is more

suitable for partition-based processing instead of simple binary thresholding. It justifies
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why real AdaBoost is generally superior to the Discrete AdaBoost. The first layer rejects
up to 90% of negative samples while keeping 100% of the positives. It shows the global
PCA-based Haar-like features are very efficient at rejecting false windows at the very

beginning of scanning. Scanning will be discussed in detail in next section.

4.4 Running the detector

After training completes, we can run the cascade detector on any images to search for
staircases. The final detector scans across the image at multiple scales and locations.

Scaling is achieved on the detector rather than on the image.

Unlike human faces, staircases usually take a large region on image surfaces. It is
unnecessary to start scanning from the base resolution of 24x24 pixels on a 1,280x960
pixels image. Similarly, you can stop scanning earlier before reaching the maximum size.
ands

For that reason, the first two scan parameters S representing the starting

min max /

and terminating scan window size, are defined.

The third parameter Awis the width increment between consecutive scans, each of
which materializes a scaled detector. Scaling is achieved by a constant increment as
opposed to a constant scaling factor [26], since the latter down samples larger regions,

where more targets may hide behind.
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The detector is also scanned across locations. It is shifted some pixels to the right in the
X direction (Xshift) and then vertically down in Y direction (Yshift) to complete one

scan.

Up to now, we have introduced all the 5 scan parameters. A schematic explanation of

these parameters is given in Figure 4.4.

A major difference of the proposed algorithm with [26] is that all the scan parameters
are defined over the input image size. Thus, the values change when the image size
changes. On the other hand, they are inter-scan constants. In short, [26] changes the
parameters between scans, while the proposed scanning scheme changes the

parameters with images.

Smax = 0.6
Smin=0.1

1.0

Figure 4.4 A schematic representation of scan parameters
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This thesis experiments with two sets of scan parameters as summarized in Table 4.3.
The absolute values are calculated on a sample size of 1,280x960 pixels. The reason for a
sparse sampling in horizontal direction is that the detector has many chances to find
targets if they really exist since we are dealing with frontal-looking staircases.
Maintaining a much finer sampling rate in vertical direction is to avoid missing targets
and safeguard detection accuracy. With this scanning scheme, the final detector will
scan a constant number of sub-windows and therefore possesses certain degree of

speed invariance for various image sizes.

Parameters Scenario 1 Scenario 2
Factor Value | Absolute Value | Factor Value | Absolute Value
Sin 0.100 96x96 0.100 96x96
S max 0.600 576x576 0.600 576x576
Aw 0.020 19 0.040 38
Xshift 0.020 26 0.040 40
Yshift 0.005 5 0.010 10

Table 4.3: Experimental scan parameters
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4.5 Integrating multiple detections

Since our detector intends to search for square ROIs which cover 3 consecutive steps of
a staircase, we could expect unknown number of detections within a single image.
These initial detections are called primitive detections and must be combined to
produce one final bounding box, indicating the meaningful staircase boundary for each
staircase in the scene. The integration scheme comprises two successive steps with the

second step performed on the results of the first.

Step 1 integrates primitive detections mapped from the same set of 3 consecutive steps.
Deviations must be contained in order to group 2 primitive detections together, namely,
the variations between the top edges and the heights of the 2 windows must be below
5% ( AH ) of the current window size. Primitive detections satisfying these constraints
are termed homogeneous detections. Groups with less than a minimum number

(G,,, =5) of homogeneous detections are discarded as noises. This helps to further
reduce the false alarms. It is almost impossible to find 5 false alarms around the same
rows, with almost the same size in the background region. The only possibility is that
individual false alarm might be incorrectly grouped into a positive sub-group, and finally
has some negative impact on the determination of the final bounding box as the case

shown in Figure 4.8.

Each group is then reduced to a sub-bounding box, which constitutes our secondary

detections. The left and right boundaries of the sub-bounding box are the leftmost and
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rightmost edges of the windows in that group, while top and bottom edges are taken as

the average of its child windows respectively.

Although we mentioned above the false alarm is almost impossible in the background
region, it is still quite common that wrong detections occur on foreground regions.
These detections span less or more than 3 steps or have relatively large migrations from
expected positions. They happened within the “right” region and may not negatively
affect the integration results significantly. However, after first step of integration, these
spurious groups can be removed by checking their heights. Inliers should have their
heights progressively increasing from top downwards. Frequently, this reduction leads
to a shrink of the final reported area. Experiments also point out this process often
degrades the performance of the detector as rejected areas often come from the
foreground region. In view of this, the reduction is not implemented in the experiment.

Step 2 simply finds a bounding box of the remaining secondary detections.
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4.6 Performance

4.6.1 Setting up test environment

Since no online resources are available, we use a relatively small test set which contains
55 staircase images to evaluate the performance of our detector. Each image contains
only one staircase instance. These images are acquired using the same camera for
collecting positive training samples, but are not used for training. The image sizes vary

from 1,280x960 pixels to 2,048x1, 536 pixels.

Figure 4.5: Labeling for performance evaluation
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To facilitate the performance evaluation, all positive regions are pre-labeled as shown in
Figure 4.5. For face detection, detection is qualified valid only if it intersects with one
labeled face. Otherwise, it is classified as a false detection. This Boolean classification is
too simple to be applied to evaluate the staircase detector and the parameter
environment that it runs on. The reason is that staircases generally occupy a larger
region than faces and modifying test parameters may displace the output window but
not affect the Boolean classification result. Hence, Boolean classification is insufficient
to measure the performance of a test environment. This insufficiency leads to a new
evaluation metric. The new scheme measures the accuracy of detection by assigning a

confidence value to it as illustrated in Figure 4.6 and Equation 4.10.

Detected region

—— Labeled region

Figure 4.6: Confidence-rated evaluation metrics
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conf, = A, (4.10)

- 0.5A, +0.5A, + k{e/}%" JAud + k{e/%" A,

Where A, is the labeled region area, A_is the common area between the labeled and
the detected region, A, and A, are the misaligned areas in the longitudinal and

latitudinal directions, respectively as shown in Figure 4.6. Adjust k; and K, to tune
penalties for misalignment in two directions. For most staircase images, it is easier to
tell the left and right boundaries, but difficult in the longitudinal direction. Besides,
experiments show that most of longitudinal false detections reside in the “right” region
(see Section 4.5). Hence, latitudinal misalignments are more strictly prohibited. On the
other hand, a certain degree of tolerance is given to longitudinal misalignments. A
suggested setting is to set Kk, twice ofk; and k; not less than 0.5. Our experimental

Ad A
setting is: k; =0.6, k, =1.2. The middle term e % (e’ ) show that the penalty increases

exponentially as the misaligned area increases. This is to safeguard detections at close
neighborhood of the labeled region, while large discrepancies between the detected

and expected boundaries (areas) will cause penalty to increase exponentially.
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A complete summary of the parameters are listed in Table 4.4.

Parameter Type Parameters Scenario 1 Scenario 2

scan Smin 0.100 0.100
scan S max 0.600 0.600
scan Aw 0.020 0.040
scan Xshift 0.020 0.040
scan Yshift 0.005 0.010
integrate AH 5% 5%
integrate Gin 5 5
evaluate K, 0.600 0.600
evaluate K, 1.200 1.200

Table 4.4: Summary of test parameter settings

4.6.2 Showing detection results

This section presents some detection results of the 2 test environments. Figures have a
uniform layout of 2 rows and 3 columns. The first row corresponds to test environment
1, and the second row corresponds to test environment 2. The first column shows the
primitive detections, while the second column displays the secondary detections after

step 1 integration. The last column gives the final detection results.
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Figure 4.7 staircase detection case 1

Figure 4.8 Staircase detection case 2
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Figure 4.9 Staircase detection case 3

Figure 4.10 Staircase detection case 4
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Figure 4.11 Staircase detection case 5
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Figure 4.12 Staircase detection case 6
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Figure 4.14 Staircase detection case 8

A systematic description of the performance of Viola-Jones framework on staircase

detection is presented in the following sections.
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4.6.3 Accuracy

Most papers use a ROC curve [26] to indicate the performance of their detectors. A ROC
curve depicts how the detection rate changes with false alarm rate. It is created by
continuously lowering the stage threshold and consequently, removing each layer
backwards from the cascade. Thus, to create a ROC curve, we need to know the number
of correct detections and the number of false detections as well as the number of
labeled positives and total number of sub-windows scanned through the entire test set.
Besides, a Boolean classification scheme is required to qualify the detections. As
mentioned in Section 4.6.1, a confidence-rated evaluation metric is introduced to
replace the Boolean scheme. Thus, instead of using a ROC curve, an accuracy curve
showing the relations between accuracy and the number of stages, and a false alarm

rate curve displaying false alarm rate versus stages are created.
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Figure 4.15: Accuracy curve for test environment 1
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Figure 4.16: Accuracy curve for test environment 2

The accuracy curves for test environments tabulated in Table 4.4 are shown in Figure
4.15 and Figure 4.16, respectively. The two test environments only differ in the scanning

scheme (dense vs. sparse).

In the figures, the left axis (« ) is the average accuracy for all detected instances in the
test set. The right axis (e ) represents the number of undetected instances out of the 55

test images. An undetected instance is characterized by 0 detection accuracy.

Firstly, the curves give us an overall impression that the accuracy tends to increase as
more layers are added to the cascade. Initially, the curves start from an equivalent
accuracy level (~0.1) and then both undergo a smooth rising period (dense: stage 1 -9,
sparse: stage 1 —5). The dense scanning curve then switches to a relatively faster
increasing period (stage 9 — 29). On the other hand, the sparse scanning curve gets into

an exponential rising period (stage 5 — 16) before reaching a plateau (stage 16 -29).



ATTENTION: The

Surprisingly, sparse scanning does not drag down the accuracy curve; instead, accuracy
is boosted above its dense counterpart. At a first glance, it seems unnecessary to
employ a dense scanning scheme. However, sparse scanning leaves much more
instances undetected compared with dense scanning. The numbers of undetected
instances are shown as columns below the accuracy curve. Since the accuracy curve is
computed only on the detected instances, negative factors that could drag down the

accuracy curve have been dumped by the sparse scanning scheme.

Another byproduct of accuracy curve is that it can help us decide the optimal number of
active stages to use for the current scanning scheme. For example, the dense scanning
curve shown in Figure 4.6 indicates that 26 layers is the best balancing point between
accuracy and false negative rate. For the sparse scanning, 16 layers will be the best.
However, practical optimization process needs to consider more criteria, such as false

alarm rate and detection speed, which are topics to cover in next two sections.

4.6.4 False Alarm Rate

As mentioned in Section 4.6.3, the original ROC curve has been replaced by an accuracy
curve and a false alarm rate curve in the context of staircase detection. While the
previous section has covered the accuracy curve, this section will continue to explore
the relation between the false alarm rate and the number of active stages in the

cascade.
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Before we start, we shall define what a false alarm is. In face detection, a false alarm,
also known as false positive, is a detection (after integration) that cannot be justified by
any labeled face, while false alarm rate is obtained by dividing the number of false
alarms by the total number of windows scanned. In the context of staircase detection,
we use confidence rather than Boolean classification (see Section 4.6.1). Thus, we could
not obtain the number of false alarms in a general sense. To produce the false alarm
curve, we redefine a false alarm as a primitive detection that falls beyond the labeled
region. The false alarm rate is obtained as usual by dividing the number of false alarms
by the total number of scanned windows. Since it counts primitive detections, the false

alarm rate would be hundredfold higher than expected.

To make the curves more readable, the curves are shown in 2 forms. Figure 4.17 —4.18
show the partial and complete false alarm rate curves for the first test environment.
Figure 4.19 -4.20 show the partial and complete false alarm rate curves for the second

test environment.

Under the dense scanning scheme, a total of 7,277,906 sub-windows have been
scanned, while the sparse scheme scans 1,745,485 sub-windows. The false alarm rate
curves for the 2 test environments are very close to each other. Generally, false alarm

rate increases exponentially as the stages are removed gradually from the cascade.

When determining the optimal number of active stages in the cascade, there is no

optimum point in terms of false alarm rate as long as it is below an acceptable threshold.
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Figure 4.19: False alarm rate curve (partial) for test environment 2
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Figure 4.20: False alarm curve (complete) for test environment 2

The detector’s speed depends on the parameter settings, especially the scanning

scheme and of course the machine that it runs on. Our program was coded in C and run
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on a Pentium IV, 2.66 GHz PC. A dense scanning scheme requires the detector to run
through more sub-windows and consequently produces more primitive detections.
Hence, a dense scanning scheme incurs higher scan time and integration time.
Conversely, a sparse scanning scheme scans fewer sub-windows and desires less time

but may end up with a worse performance.

The speed curves for the two scanning schemes described in Table 4.4 are shown
through Figure 4.21 to Figure 4.24. The processing time consists of a scanning time and

an integrating time shown in red and blue, respectively.

For readability, scanning time is separated from the overall speed curves. The scanning
time can be estimated using a prototype illustrated in Table 4.5 based on 2 weak

hypotheses:

— Each stage consumes equal time to scan a window. (This is weak as stages are
different in terms of the number of weak classifiers they contain.)
— Each window desires equal scanning time in a stage. (Again, this is weak as

windows are different in size.)

With the above weak hypotheses, we can deduce the following:

— It requires equal time for any stage to scan any window.

It must be aware that this conclusion is tenable only weakly, but it could be applied to

predict the tendency of scanning time curves as follows:
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Assume ais the time for a stage to scan a window, p; is output/input ratio for stagei,
( p; <1), T is the number of test images (T =55), Ais total sub-windows scanned

(dense scanning: A= 7,277,906 ; sparse scanning: A=1,745,485).
Scanning time:

Stage 1: t, = Aa/T;

Stage 2: t, =t, + p,Aa/T;

Stage 3: t, =t, + p, p,Aa/T ;

Stagen: t, =t,, + PP, - P,AR/T; (4.11)

Table 4.5: Scanning time prototype

Equation 4.11 indicates as the number of stages increases, the scanning time increment
imposed by each newly added stage will decrease. Both Figure 4.12 and Figure 4.14
show that after a transition point, the curves start to slope gently. After the point,
adding new layers into the cascade will not cause violent fluctuation on the scanning

time.

Figure 4.22 and 4.24 incorporate both curves. Integration time has a more complex
relation with the number of active stages in the cascade. The integration time is initially
thousand times of the scanning time but decreases exponentially as new stages are

added. Eventually, integration takes only a fraction of the scanning time.
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Compared with the integration time, scanning time does not vary significantly with the

length of the cascade. When considering how the cascade length influences the
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Figure 4.21: Scanning time curve for test environment 1
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Figure 4.22: Speed curve for test environment 1
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Figure 4.24: Speed curve for test environment 2

ed, priority should be given to the integration time. Usually, active layers

should be sufficient to bring the integration time down to the same level as the scanning

time. Agood p

ractice is to choose a point to the right of the intersection of the 2 curves.

For example, for the sparse scanning curves shown in Figure 4.24, there should be at
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least 12 stages in the cascade to guarantee the detector’s speed. The overall process
time can be obtained by simply adding up the scanning time and the corresponding
integration time. For a 12-stage cascade shown in Figure 4.24, it takes about 0.15
second to process a test image, while the time could be reduced to 0.11 second if all the

29 stages are used.

As mentioned in Section 4.6.3, for a given scanning scheme, determination of optimum
stage number is a compromise between accuracy, false negative/positive rate and
speed. For the sparse scanning scheme listed in Table 4.4, a 16-layer cascade is an

optimal choice.

4.6.6 Comparing with previous work

In this section, we shall present the comparison of the proposed algorithm’s
performance with the state-of-the-art algorithm [14]. Besides the positive test set used
in previous sections, the evaluation is also performed on the McGill man-made object
data set [51], which comprises 311 images, mostly in urban settings. Note: the data set
contains one side view of a stair and a distant stair, both beyond our problem domain

(Line range: [—20°,+20°]). Therefore, these cases should not be detected.

Derived from the previous experimental statistics, we selected the sparse scanning

scheme with an optimal number of 16 active stages to conduct this comparative study.

As it has been discussed in Chapter 2, Hough transform does not perform well in most

circumstances for line-based stair detection. Instead, edge tracking and contour
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following is used in the line detection stage. As for partition, the last two methods were
attempted: linear homography and intensity variation, since cross-ratio requires at least
4 consecutive concave edges or 4 consecutive convex edges, a stricter condition than

most samples can provide.

Positive test set (55 samples) Negative test set (311 samples)
Method Detected Correct Avg Speed (sec) Reported Avg Speed (sec)
Partitioned
Our method
52 NIL 0.135 0 0.010
(sparse)
Linear
30 2 0.266 45 0.069
homography
Intensity
35 11 0.310 68 0.070
variation

Table 4.6: Summary of detection results for various methods

Table 4.6 summarizes the detection results for all the 3 methods. Detailed analysis is

given in following subsections.
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4.6.6.1 Detection rate

According to Table 4.6, Viola-Jones framework has a much higher detection rate than
the line-based methods. In terms of partition correctness, the performance of line-

based methods is rather disappointing.

A selective display of the detection results is given through Figure 4.25 to Figure 4.27.
The middle column corresponds to the linear homography partition method. Red and

green lines represent the partitioned concave and convex stair edges.

4.6.6.2 Partition

Intuitively, you may think the linear homography partition method with rigorous
mathematical argument should be reliable than the empirically plausible intensity
variation method. However, the truth cannot justify this speculation. From the results,
we can go a step further to predict that cross-ratio performs even worse as it will leave
out more staircase instances than linear homography. This prediction consists with the

one given by Se [14].

Linear homography may incorrectly group irrelevant lines but satisfying the geometric
constraint into a partition. In fact, most of the partitions are incorrect. In contrast,
genuine combinations may not be initiated due to problems in line detection, such as
line discretization and deviation as well as completely missing the edges. Although
intensity variation is purely empirical observation, and may not universally hold. It

performs robustly if the observation holds for a specific case.
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Figure 4.25 Comparative study case 1
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Figure 4.26 Comparative study case 2
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Figure 4.27 Comparative study case 3



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

82

4.6.6.3 False alarm

The results on the negative test set amply demonstrate the superiority of Viola-Jones
object detection framework. It didn’t raise a single alarm out of the 311 images, while
line-based methods reported a lot of fake detections. In this respect, Viola-Jones

framework puts the line-based methods in the shade.

Figure 4.28 and Figure 4.29 give some false detections of linear homography and
intensity variation respectively. Note: to safeguard the detection rate from dropping too
low, the order of contact (interleaving) constraint [14] is relaxed a bit to allow missing of

edges.

As previously pointed out, this thesis deals with near-frontal looking staircase detection.

The line detection has been constrained in the range of [ - 20°,+20°]. Much more false

alarms will be raised from the line-based methods should we remove this restriction.

Figure 4.30 shows some occasional survivals of the Viola-Jones cascade detector. In
Section 4.5, these are called primitive detections. They will eventually be discarded since

no further homogeneous detections can be found to support their validity.
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Figure 4.28 False detections of linear homography
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Figure 4.29 False detections of intensity variation
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Figure 4.30 Occasional survivals (primitive detections) of cascade detector
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4.6.6.4 Speed

The beauty of Viola-Jones framework consists in its swift response. It has obvious

advantage over line-based methods in processing speed.

For positive samples, it takes only half of the time needed by line-based methods. The
vantage even multiplies on the negative set. For positive samples, there are abundant
target regions passing through the full length of active stages of the cascade. This
process drags down the speed a bit. While for negative samples, an overwhelming
majority of the regions can only survive the first few simple and fast stages after which

they disappear. The overall process concentrates on few target-like regions.
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4.7 Summary

This chapter introduces a 2D staircase detection algorithm based on Viola-Jones object

detection framework. The novelty of this algorithm lies in the following:

e [t redefines staircases. In the new definition, a staircase becomes a square region
contains 3 consecutive visible steps. The detector thus searches for partial
staircase regions rather than complete staircases in the image.

e [t uses PCA-based Haar-like features. These features efficiently eliminate
apparently negative regions (samples) in the early stages of the cascade.

e |t adopts real AdaBoost algorithm to replace the original Discrete AdaBoost.

e [t uses a new scanning scheme that makes the scanning speed irrelevant to the
image size.

e [t uses a specially designed multi-detection integration scheme to combine local
“staircases” into global staircases.

e [t presents a confidence-rated evaluation metric to measure the accuracy of

detections rather than Boolean classifying them.

In addition to the above, this chapter also introduces the training algorithm and gives
detailed insight into the first layer of the cascade. When analyzing the performance,
detailed experimental data and discussions on detection accuracy, false
positive/negative rate and speed are presented, and the method to optimize the

cascade length based on these factors is also given.
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Chapter 5 An Introduction to “V-Disparity”

5.1 Introduction

The previous chapter introduced a method for monocular staircase detection. However,
for the fully autonomous navigation in a 3D world, visual identification of certain types
of land features is far from enough. Precise 3D localization of the features is necessary
to help the control system make early decisions accordingly. In the scenario of 3D
staircase localization, the distance of the staircase to the robot and the dimensions of
the stairs are valuable information to assist the robot in climbing the stairs. This chapter
reviews previous works done in the literature pertaining to stereo vision based staircase
detection and localization. A new image concept known as “V-disparity”, commonly
used for ground plane estimation in autonomous navigation systems, is introduced in

later part of the chapter.

5.2 Previous work on staircase localization

There are limited resources related to stereo vision based staircase detection and
localization in the literature. For the existing works that we are aware of, they can be
broadly classified into two types - one combines both image brightness information and

range data, whiles the other relies merely on range information.
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Lu and Manduchi’s [52] staircase detector is an enhanced curb detector. Their strategy
of fusing image-based and range-based information is grounded on the observation that
the quality of stereo range data is often inferior to that of the active sensors. Using
stereo data alone usually does not produce acceptable results. In view of this, their
method uses image brightness information to extract edges and candidate curb lines are

searched over the intensity edge pixels.

A range-weighted Hough transform [53] is used to detect curb lines with the weights
derived from the curvature index at each edge point. The curvature index at an edge

point is expressed in terms of the mean curvature H and the Gaussian curvature K as:

H?-K
i 7°
CI: H2 (5'1)
e K<0
-K-¢

The expressions of H and K are reported in [54]:

h,h,, —h?

— XXTyy
(@+hf +h?)?
_ @+ hf)hyy — Zhthth + @1+ hj)hXX

(L+h? +h2)¥?

(5.2)
2H

Where h,,h ,h, . h and h are the first, second and partial derivatives of the measured

depth image. A large curvature is a good indicator of ridges of the range data and a

point with larger curvature is considered to be more likely to belong to a curb line. This
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weighting scheme is useful at filtering out planar brightness edges while surface

discontinuities are well preserved.

The detected curb lines are subjected to a 3D line regression process in order to
precisely locate the lines in the 3D world. Once the 3D curb line has been regressed,
some statistical techniques (Modified Selective Statistical Estimator MSSE [55]) are used
to separate inliers on the line from outliers and hence determine the end points of the
curb edge segments. Finally, the line segments are labeled as concave and convex based

on the sign of the average mean curvature H of its points.

The above procedure is devoted to curb detection. However, it could be generalized as
building blocks of a stairway location process. [52] employs the same assumption with
[14] to prove the availability of staircases in the scene by examining the existence of 2

sets of parallel convex and concave edges lying on parallel planes.

The staircase localization procedure continues as follows: firstly, a variant of LMeds
method is used to robustly fit a plane to the lines in each set. The plane is called a
tangent plane. Then, the intersections of the tangent plane with each of its internal
viewing plane that contains a detected curb line and the focal point are computed.
Finally, the algorithm relies on the parallelism of stair edges in the 3D environment to
reject spurious intersections that are arisen from objects other than stair edges. The
localization procedure ends up with 2 set of parallel spatial line segments corresponding

to the convex and concave stair edges.
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Another work done by Gutmann et al [56] relies merely on range data. Plane
segmentation from range data forms the basis of their algorithm. They use Jiang and
Bunke’s [57] scan line grouping approach to segment the range data into planar regions.
Extracting planar regions from range data is a well-studied problem. For a comparative
review of range image segmentation algorithms, please refer to [58], [59]. Each planar
region that is approximately horizontal is examined as a tread surface candidate.
Various parameters associated with the underlying tread surface are then extracted.
The examination process first approximates each planar region with a convex polygon.
Front and back edges as well as the width and margins of the tread surface are then
computed from the polygon. The method does not make any prior assumption about
the shape of the stair, so it could be used to localize spiral stairs. A test program using
this method is implemented, the results show that the range image segmentation stage
encounters real-time bottleneck on a general-purpose personal computer and moreover,

under-segmentation often occurs during the extraction of stair regions.

Due to the instability of stereo range data and the real-time bottleneck of range image
segmentation, Gutmann’s method is not a good choice for the comparison with our

staircase localization algorithm proposed in Chapter 6. In the experimental part of the
next chapter, we’ll have further discussions on [52]. Essentially, [52] could be regarded

as a 3D line-based stair detection and localization algorithm.

The remaining sections of this chapter is devoted to an important image concept,

known as “V-disparity” image and any peripheral knowledge necessary to reinforce
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readers’ understanding of the concept. Familiarity with the “V-disparity” concept is a
must for understanding the staircase localization algorithm proposed in the next

chapter.

5.3 V-Disparity

5.3.1 Camera placement and geometry

One basic requirement for precise 3D localization of target objects is the availability of
3D data. If an accurate 3D snapshot of the surrounding environment can be acquired, it
should not be a difficult problem to identify a staircase. Various means for acquiring 3D
data can be seen on a typical autonomous robot which exhibits certain degree of
motion autonomy. Radar and laser rangefinder (LRF) are commonly used 3D sensors.
Although these active sensing systems generally provide high accuracy measurements,
they are bulky, expensive, slow and sensitive to various distractions. A stereo vision
camera can be considered as an alternative. Compared with the active sensors, stereo
vision sensor has the advantages of a wide field of view (FOV), excellent lateral accuracy,
low cost, small dimensions and freedom from signal interference, etc. A number of
stereo devices are available commercially. For this project, we have used a popular

product: the Point Grey Bumblebee stereo vision camera with baseline b of 12 cm.

The Bumblebee stereo camera is pre-calibrated and does not need infield calibration.

The two cameras remain coplanar during the lifespan and have the same intrinsic
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parameters: a unique focal length f and equal scaling at two image directions. The

stereo rig is mounted on the robot as shown in Figure 5.1 with two changing factors:

—h height of the camera above the ground

— a pitch angle of the camera with respect to ground plane

o .
SEEE i - 4
vertical . 7
; " oblique
A Yr G T = 7
- A e = 3
- o 4 i '
F e /{_/_q(f /./'_/ h . t I /._.
Ground plane e \ @l orizontal -

Figure 5.1: Camera geometry and three special planes

The camera geometry shown in Figure 5.1 implies the parallel epipolar constraint is
fulfilled. To facilitate the declaration of the problem, we define 3 coordinate systems as

shown in the figure. We put the origin of the world coordinate system WCS (X,Y,Z) to
the center of the origins of two stereo camera coordinate systems: LCS (X,,Y,,Z,)and

RCS(X,,Y,,Z,).The Z -axis of the WCS is parallel to the ground plane, while the Z -axis

of the camera coordinate system is aligned with their respective optical axis. The 3

coordinate systems share a common X -axis as shown in Figure 5.1.
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5.3.2 Plane projection into 6 —v domain

Given the 3 coordinate systems and the camera geometry shown in Figure 5.1, the

transformation from WCS to CCS is achieved by the combination of a vector translation

of i% and a rotation around the X -axis by an angle of —« . LetT,, T, denote the

translation matrices, R,and R, the rotation matrices from WCS to LCS and RCS

respectively. The homogeneous transformation matrix is:

1 0 0 +

M, =R, T, =|0 cosa —sina 0
0 sina cosa O
0 O 0 1 ]

N | T

(5.3)

In the image domain, the position of a point is given by its coordinates (u,Vv) . The image
coordinate of the projection of the optical center, which is often known as principal
point, will be denoted by (u,,V,). Given a unit aspect ratio and focal length f , we can

formulate the intrinsic matrix as:

f 0 u, O
K={0 f v, O (5.4)
0 0 1 O

After obtaining the extrinsic and intrinsic matrices, the transformation between the
W(CS and image coordinate system is represented in Equation 5.5, adopting a pin-hole

camera model.
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X
u
- Y
S|v|=KM, (5.5)
Z
1
1

S is an arbitrary nonzero scale factor. From Equation 5.5, we can calculate the image

coordinate of the projection of any point P(X,Y,Z) defined in WCS:

Xir%

Ysinag+Zcosa

(5.6)

Ycosa—-Zsina
Ysinag+Zcosa

With epipolar constraint we havev, =Vv,, combined with Equation 5.6, we can derive

the disparity for any point P(X,Y,Z):

o=u —-u, =f b (5.7)
b Ysina +Zcosa '

With Equations 5.6 and 5.7, we could derive a linear relationship between ¢ and v fora

special family of planes which are parallel to the X -axis.

5.3.2.1 Horizontal plane projection

The horizontal plane can be simply represented as Equation 5.8 in the WCS:

Y =h (5.8)

Combing with equations 5.6 and 5.7, we can derive the following linear equation:
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Eéz fsina+(v—-v,)cosa (5.9)

5.3.2.2 Vertical plane projection

On the other hand, a vertical plane in the WCS:

Z=d (5.10)

can be projected into the 6 —Vv domain as

d .

35: fcosa—(v—-v,)sina (5.11)
5.3.2.3 Oblique plane projection

M1:Z=-Y cot(8;) +r /sin(@,)

ry
e, 9,
0 z
ri
<0 >0
0<g<m
Y

M,:Z=-Y cot(@,) +12/5in(8,)

Figure 5.2: Side view of oblique planes

For general oblique planes shown in Figure 5.2, they can be represented by:

r
Z=-Ycotf0+——
sin@ (5.12)
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where @ is the angle between the plane and the ground (or Z -axis of WCS) in anti-
clockwise direction, starting from the ground plane as shown in Figure 5.2. I is the
signed distance from the origin of WCS to the oblique plane, where r > 0 when the
perpendicular line is on the left of Y-axis of WCS (note: in Figure 5.2, Y-axis is pointing

downward). r < 0 when the perpendicular line goes to the right of the Y-axis.

Combing Equation 5.12 with Equations 5.6 and 5.7, we can deduce the projection of a

general oblique plane as:

%5: f sin(e + 6) + (v — v, ) cos(ex + ) (5.13)

The horizontal planes and the vertical planes can be viewed as special oblique planes.
Thus, their projective Equations 5.9 and 5.11 should be derivable from Equation 5.11 if

proper values of &and I are substituted into the equation.

For horizontal planes, @ = 0°(180°), r = h(—h), while for vertical planes,
0 =90°r =d (d >0), in order for the plane to be visible. All planes that are eligible for

projective analysis must be within the FOV of the cameras.

For the various planes discussed so far, the essential nature that characterizes each
plane is their respective slanting angle & with the ground plane. Although their
projections into the & —V domain can be boiled down to a single Equation 5.13, it still

takes some time to derive it.
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Figure 5.3: Virtual ground plane

Let us change the way of looking at the problem. Instead of viewing each plane as a
changing factor, we can consider the planes constant. In the new formulation of the
problem, the stereo camera maintains its pose, and the oblique plane is assumed as a
virtual ground plane, while the WCS is rotated about X -axis to align its Z -axis along
the virtual ground as shown in Figure 5.3. After reformulating the problem, projections
for any plane could be viewed as a horizontal plane projection problem and could be
derived from Equation 5.9. For a plane with slanting angle @, we first rotate WCS by 8

to obtain a new WCS, denoted as WCS’. In WCS’, the plane can be reduced to:

Y'=h"=r while the new pitch anglea’ = a + 6 . Substituting into Equation 5.9, we can

obtain Equation 5.13 effortlessly.
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Equation 5.13 gives us some clues about the relations between disparity 6 and the row
index Vv for a special family of planes after projecting into the 6 —v domain. These
planes are parallel to the X -axis and are frequently encountered in a typical driving
scene, especially on structured roads. Thus, the equation has a major application in

autonomous navigation or driving scene analysis.

At the moment of image acquisition, h, f,b,a and @ are all fixed values, leaving the
disparity 0 to change only with row index V linearly. This finding has inspired the
invention of a new image representation technique which is well-known as “V-disparity”

image.

5.3.3 “V-disparity” Image

Labayrade [60] proposed the “V-disparity” concept aimed at simplifying the process of
separating obstacles from road surfaces. Recently, “V-disparity” image has become
popular for ground plane estimation [61], [62], [63]. The image is computed by
accumulating the pixels of the same disparity along each row of the original image. Let

us consider a pixel P on the “V-disparity” image with coordinates(v,,d,) . The intensity
of P equals the number of original image pixels on row v, that have a disparity of &, . In

the “V-disparity” domain, the longitudinal profile of the ground plane or road surface

can be projected as a straight line as proved by Equation 5.13, assuming a flat
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topography. Thus a 3D plane estimation problem can be reduced to a 2D line estimation

problem.

Figure 5.4: Synthetic stereo pair and “V-disparity” image

The top row of Figure 5.4 displays a pair of synthetic stereo images. The cameras are

facing forward (pitch @ = 0). The scene contains a few planer surfaces: 2 vertical walls, a
floor plane and a series of mutually orthogonal stair surfaces. The bottom left sub-figure
gives the disparity image from where the “V-disparity” image is generated and displayed
on the right. For the sake of readability, the “V-disparity “image is scaled by a factor of 2

in the horizontal direction to scatter the pixels a bit.
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We can see 2 long segments intersect on the middle of the “V-disparity” image. The
segments are projected from the frontal wall facing the camera and the floor plane. The
zigzag profile flanked by the 2 longer segments is the projections of the stair surfaces.
You may wonder where the left wall in the projection is. It is suppressed by the voting
scheme that votes the “V-disparity” image pixels. In fact, the missing plane is projected
into a wider band left delimited by the segment projected by the frontal wall and above

the floor projection.

A common staircase can be modeled as a series of alternate horizontal and vertical
planes. If the cameras take a near frontal look at such a staircase just like the one shown
in Figure 5.4, it would be reasonable to expect a pencil of slanting lines corresponding
to the tread planes and a set of near-vertical lines projected by risers characterizing the
“V-disparity” image, as the zigzag profile exhibits in Figure 5.4. This assertion builds a
solid foundation for our 3D staircase localization algorithm, a topic that will be discussed

in the chapter to come.

5.3.4 “U-disparity” image

Hu extended Labayrade’s work and proposed the “U-V-disparity” concept [64]. Similarly,
the “U-disparity” image is constructed by accumulating pixels of same disparity along
each column of the original image. Typically, the “U-disparity” image is less popular in

road scene analysis related applications as ground plane becomes hard to interpret from
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the 0 —U projection. However, it could be used as a subsidiary tool to extract obstacle

pixels above the ground plane [63].

5.3.5 Virtual “V-disparity” image

Virtual “V-disparity” image [65] is constructed from a virtual disparity image, which is
obtained by projecting a collection of 3D points derived from real disparity image to a
virtual image plane. For the synthetic staircase image scenario shown in Figure 5.4, the
camera is placed at point A as shown in Figure 5.5, while B is the point where the
camera is intended to be moved to. Of course, the camera movement is a hypothetical
situation and that is why point B is termed a virtual observing point. At the virtual
observing point B, the optical axis is aligned with surface 3. From A to B, the camera
undergoes a rotation and a translation, determined by « and hrespectively. Therefore,
the virtual disparity image can be acquired by homogeneous transformation from the
real disparity image. However, some originally visible points may be cast out of the
camera FOV or occluded by other points during transformation. If occlusion happens,
the virtual disparity image only takes the visible points into account. The bottom left of
Figure 5.6 has given the virtual disparity image after a hypothetical transformation of
the camera from point A to B, alongside with the real disparity image shown above. For
more information on how to construct a virtual disparity image and its applications,

please refer to [65], [66], [67].
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Figure 5.6 Real, virtual disparity and “V-disparity” images
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The virtual disparity image could then be used to create the virtual “V-disparity” image.
Because the virtual disparity image abandons the occluded points, thereby information
may be lost in the formation of the “V-disparity” image. To protect information integrity,
“V-disparity” images can be generated directly from real disparity image, given the

homogeneous transformation matrix.

In bottom row of Figure 5.6, the middle sub-figure gives the incomplete virtual “V-
disparity” image, while lost pixels are filled in the bottom right sub-figure. To distinguish
between the two images, we hereafter call the first non-occluded “V-disparity” image,

and the latter occluded “V-disparity” image.

5.3.6 Discussions

“V-disparity” projects 3D planes into lines and reduces the dimensionality of problem
domain from 3 to 2. On the other hand, virtual “V-disparity” projects some planes into
vertical lines in the & —vdomain. In other words, it has the potential of bringing down
the 3D problem into 1D. However, it adds another layer of constraint on the relationship
between the plane and the camera in order for it to come into full play. For general “V-
disparity”, it requires the plane to be parallel with the X axis of the camera coordinate
system, while for plane to be projected vertically in the “V-disparity” image, the plane
must be fronto-parallel with the image plane, that’s a rarity in most computer vision
applications. Instead of waiting for such a rarity to occur, the system actively relocates

the camera virtually to achieve the effects as if the camera is fronto-parallel to the plane
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under investigation. However, the transformation of the camera requires the knowledge

of the camera-plane relation (ich) beforehand. Unfortunately, that relation ich is

precisely the unknown that is to know.

We now lay the doubt aside and observe the “V-disparity” images shown in Figure 5.6. It
is evidently hard to extract the linear projections of all the stair surfaces from the real

“V-disparity” image. Instead, we could extract the most reliable one to infer ich or more

precisely the camera pitch « , based on which a non-occluded virtual “V-disparity” image
could be generated. The non-occluded “V-disparity” image has done away with all the
occluded points and is much suitable for line extraction. In addition, we can narrow
down the search for only vertical lines. The occluded points are subsequently added for
searching of other projections. Bypassing the real “V-disparity” greatly reduces the
chances of making false detections. This explains why the virtual “V-disparity” concept is

necessary and important to solve our problem.
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5.4 Summary

This chapter covers two topics. The first part sketches the state-of-the-art 3D stair
localization algorithms. The second part intends to pave the way for the introduction of
a 3D staircase localization algorithm in the next chapter. It introduces an important
image concept known as “V-disparity” and gives succinct mathematical derivations. The
concept states that planes with special geometrical relations to the camera can be
projected as straight lines in the “V-disparity” space, which are well-suited to the
problem of staircase localization. To further reduce the dimensionality of the problem
domain, it then brings the virtual “V-disparity” concept into the picture. Finally, it
discusses the merits of these concepts by putting them into a synthetic staircase

scenario.



ATTENTION: The Singe

Chapter 6 3D Staircase Localization

6.1 Introduction

In the last chapter, we introduced a special plane-to-line projection property, which
states that planes with special geometrical relations to the camera could be projected as
straight lines in the 0 —Vv domain. This chapter will be employing this feature of special
planes to locate each plane on a staircase surface, rather than directly manipulating an
ensemble of 3D data as its predecessors have done. To accelerate the detection speed
and decrease the problem complexity, our 3D staircase detector is triggered only when
a staircase is detected through monocular analysis and is operated on the reported
region. This prior knowledge is a product provided by the 2D staircase detector. It is also

a pre-requisite to use the “V-disparity” concept in the staircase localization stage.

Basically, our 3D staircase detector is trying to detect and locate every potential planar
region within the reported domain of the scene. However, the potential planes are not
randomly placed, but observe a strong geometrical relationship with each other. In
another word, a staircase can be modeled as a series of mutual orthogonal tread and
riser planes. This assumption should not lose generality on a typical staircase object. The
algorithm that follows is based on the grounds herein assumed. Before we touch on the
staircase localization problem, we first establish a formal and explicit definition of what

the problem is or what the questions are that we will ascertain through investigation.
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6.2 Problem definition

Figure 6.1 gives a side view and a vertical view of a synthesized staircase. The labeled
parameters are the unknowns that are to be resolved at the end of the investigation.
These parameters can be classified into 2 groups. The first group depicts the geometric
relations between the camera and the staircase, including the camera pitch angle o,
camera yaw angle 3, the camera elevation above the last detected tread surface h and
horizontal distance between camera and the nearest detected riser surfaced . The
second group of parameters defines the intrinsic geometric characters of the staircase,

including the height of each detected riser surface {h,,h,,h,,h,} and the depth of each
detected tread surface{d,,d,,d,}. For the yaw angle 3, it is reasonable to assume it is

within the range of [-15°, +15°].

One thing worth noting here is the elevation of the camera above the last detected
tread surface his not the distance between the camera and the ground plane. It is due
to the fact that the ground is not of interest to us, and the 2D staircase detector also
excludes it from the searching domain. Concerning the camera to ground elevation, it
could be estimated separately using similar techniques used here. That is beyond the
scope of this thesis. Similarly d is not the actual horizontal distance between the camera
and the staircase. Both hand d are subject to the results fed by the 2D staircase
detector. This is acceptable as staircases are rarely completely visible. Under most

circumstances, we could only perform analysis on a portion of it.
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Figure 6.1: Problem definition

At the end, a 3D scene, including the camera and the detected portion of the staircase,
will be reconstructed. Complete staircase model can be built through integrating results

obtained from multiple views.

6.3 An overview of the proposed algorithm

The best way to describe a complex subject is to give a succinct overview of the matter
before introducing the details. This section gives the reader a brief overview of the
proposed algorithm. Our algorithm answers the problem posted in Section 6.2 step by

step as illustrated in Figure 6.2.
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Cl. Estimate hand a )

dm————

(2. Estimate B )

m———

(3. Estimate other parameters )

Figure 6.2: Flow of the algorithm

Firstly, the strongest line segment in the “V-disparity” image is searched. This line
represents the projection of bottom tread surface since it is nearest to the camera.

Based on the line, hand ¢ are first estimated.

Secondly, the estimated hand « are then used to construct a virtual “V-disparity”
image. The longest vertical line in the virtual “V-disparity” is then exploited to

estimate .

Finally, offseth, a and 8 construct the updated virtual “V-disparity” image. The image

will then be partitioned. Each partition represents a staircase planar region. Back-

project each partition into the original image to estimate their associated parameters,

{h},{d . }andd.

The main skeleton of the algorithm has been outlined above; more details about each

step will be given in following sections.
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6.4 Estimate hand «

Bottom tread plane and its projection in the “V-disparity” image play a key role to our
proposed staircase localization algorithm. Precise extraction of the bottom tread
projection in the “V-disparity” image provides an entry point to the solution. A few
techniques have been applied in order to estimate the parameters hand « as accurate

as possible.

6.4.1 Searching for bottom tread plane

The first step of our algorithm is to build a “V-disparity” image through the dense

disparity map provided by Bumblebee.

Figure 6.3: Synthetic stereo images with a staircase instance in the scene

To illustrate the proposed algorithm, a pair of synthetic stereo images shown in Figure
6.3 with the ground truth provided at Table 6.1 is referenced throughout the entire

explanation.
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Parameters Value
Image size (pixel) 1024 x 768
Image center (pixel) 512 x 384
Focal length (pixel) 768
Base line (meter) 0.12
Pitch angle (degree) 15.00
Yaw angle (degree) 5.00
Camera ground distance (meter) 1.60
Step depth (meter) 0.33
Step height (meter) 0.20
Camera stair distance (meter) 2.51

Table 6.1: Ground truth table for the synthetic stereo pair

(a) (b)

Figure 6.4: (a) detected staircase region (b) dense disparity image (c) partial “V-
disparity” image

Figure 6.4(a) highlights the detected staircase region from monocular analysis on the
left stereo image. A dense disparity image is shown in Figure 6.4 (b), and the non-scaled

“V-disparity” image is shown in Figure 6.4 (c). Note, herein the “V-disparity” image is
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constructed over a sub-region on the original image, namely, the detected staircase
region marked in (a). As most V-disparity-based ground estimation algorithms have
done, our algorithm also searches for the strongest line through the partial “V-disparity”
image to locate the bottom tread plane. Without doubt, the line must slant to the left to

indicate that it is a projection of a horizontal or near horizontal plane.

Nevertheless, when we search for bottom tread rather than ground plan from the “V-

disparity” image, new problems arise.

Firstly, a tread surface usually occupies a small region in the image, while the ground
plane normally takes up half of the image. Therefore, to utilize the plane-to-line
projective property, we must make sure that the projection of the bottom tread must
be strong enough to be sensed by generic line extraction algorithms, such as Hough
Transform. In view of this limitation, we have used a relatively large image size in the
experiment: 1024x768. In the first part of the thesis, we mentioned that image size
shows no obvious impact on the speed of the 2D staircase detector. In addition, we also
defined a lower bound for the scanning window to be 0.1 of the input image size. With
this constraint, the minimum window passed for 3D investigation almost approaches

100x100, and this circumstance rarely happens.

Secondly, it’s not easy to extract the projection of bottom tread plane from the original
“V-disparity” image shown in Figure 6.4(c). The entire staircase surface projects in a
small clustered range along the horizontal axis ( A —axis) and fluctuating along a straight

line. The zigzag profile is not resolvable and is reduced to a line. If Hough transform is
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applied, this interfering line, rather than the bottom tread projection, is more likely be
detected. Analytically, if the disparities are resolved to 1-pixel, it may have some
difficulty in distinguishing the projections from various planes. The software package
shipped with Bumblebee offers sub-pixel interpolation. Thus, we can multiply the sub-

pixel disparity values by a certain constant scaling factor s, such that the disparities
span a suitable rangey . Thanks to the sub-pixel interpolation provided by Bumblebee,

the stretched “V-disparity” image becomes more accurate rather than indistinct. The

determination of scaling factor s, is illustrated in Table 6.2.

% Obtain the detected sub-window height AV and set iy = AV
% Create the original “V-disparity” image Iv (s, =1)
% Find maximum intensity I ., in Iv
% Thresholding:
T =,

) i (xy)>T (6.1)
'(X'y)_{o if 1(x,y)<T

«* Remove isolated pixelsin Iv
% Find maximum disparity o,,,, and minimum disparity o,,,in Iv
** Calculate:

v
5max - §min (6.2)
s, = MAX(Ls,)

Sy =

Table 6.2: Determine s,
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(a) (b)

Figure 6.5: (a) Adaptive scaled “V-disparity” image (b) line extracted

Followed by the determination of s, the new “V-disparity” image can be immediately

created as shown in Figure 6.5. Images have been clipped for better fit to the page. Line
extraction algorithms then proceed on the adaptive scaled “V-disparity” image. To

further reinforce the extraction accuracy, we could restrict the ranges of hand «
Generally, « is set within[0°,45°], while the extent of his subject to particular

applications. More rigidly defined h and « give more accurate extraction results.

Figure 6.5(b) displays the strongest line extracted (green) using weighted Hough

transform.

h )
—o0="fsina+(v-v,)cosa (6.3)
bs,
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Equation 6.3, which takes account of the scaling factors,, is a new version of Equation

5.9. With Equation 6.3 and the detected line from the “V-disparity” image, an initial

estimation of hand « can be obtained.

However, the plausible result obtained from Hough transform does not necessarily
correspond to the most representative one. Sappa et.al. [68] have noticed there is a
nonlinear mapping between disparity and depth. It claims that less than 25% of disparity
values are used for representing more than 70% of depth values, while almost half of
disparity values are used for representing shorter distances, ranging about 11% of depth
values. This nonlinear mapping makes the quality of the “V-disparity” image, and hence
the accuracy of the line extracted, highly dependent on the distance between the
camera and the target. Therefore, the initial estimation needs to be fine-tuned. Due to
such inherent drawback of the “V-disparity” representation, further adjustments of
hand a could be difficult if only the “V-disparity” image is used. The next section

presents the optimization of h anda, performed directly in the 3D Euclidean space.

6.4.2 Optimize hand o

The optimization starts from the extracted line, denoted as |, in the adaptive scaled “V-

disparity” image shown in Figure 6.6. The basic principle lies in a plane fitting process to

a subset of 3D points projected ontol,. Compared with “V-disparity” space analysis,

plane fitting produces more accurate results but an obvious disadvantage of this sort of
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algorithms is that they take much longer time. In order to reduce the fitting cost to
minimum, only a subset of the point collection is used for plane fitting. Details are given

below:

Figure 6.6: Optimize hand a

Firstly, search along line |, for the largest line segment, represented as p, p, in Figure
6.6, where small gaps are filled. Meanwhile, the maximum intensity |, along p,p,is
noted. Next, divide p,p,into 3 equal segments and obtain segment (,(, as illustrated in
the figure. Lateral segments p,g,and p,(,are more likely to be the overlapping
projective areas of neighboring tread and riser surfaces. To mitigate the influence of
outliers from neighboring riser surfaces, we select the central segment(,q, . After that,
for each row v, lies onQ,q,, determine an acceptable disparity range [51,52] around

o, on linel,, while searching within the candidate range [5i —S0,0; + SO] such that

1(5,,v,) = gl and 1(8,,v.) >l .
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Once we obtain the range [51,52] at v;, add points that project to this range into a 3D

point collection. Eventually, we will obtain a set of 3D points available for plane fitting.
Plane fitting [69], [70] is an old but appealing topic of research, with a lot of algorithms
proposed historically. It has a close relation with range data segmentation, a concept
that has been mentioned in Section 5.2. In this project, a simple least square fitting
technique is applied for finding the best-fitting plane to the given set of points. A better

estimation of hand « could be achieved through the fitted plane.

(b) ()

Figure 6.7: Disparity images
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6.5 Estimate g

Once the parameters hand « are optimized, the algorithm continues estimating
another camera pose parameter S, using the same least square plane fitting technique
exploiting the “V-disparity” image. However, this time the virtual “V-disparity” image

comes into play.

Given hand «a, the virtual observing point would then be deduced, such that h’ =0and
o' =0, where h'is the distance between the bottom tread surface and the virtual

observing point and «'is the virtual pitch angle.

After a homogeneous transformation, a virtual disparity map will be deduced as shown
in Figure 6.7(b). The map shows that the camera is lying as if along the ground. That is
precisely the effect we expect. Based on the virtual disparity map, a virtual non-
occluded “V-disparity” image can be derived shown in Figure 6.8. Similarly, an adaptive
scaling factor S, is applied to the disparities in order to stretch the image along the

A —axis. S, is determined using the same technique described in Table 6.2. However, a
constant disparity stretch (i = 64) is used instread of a varying AV . Generally, AV is

much larger than 64, this explains why the “V-disparity” images in Figure 6.5 are much
wider than those shown in Figure 6.8. Note the images have done away the top and

bottom null regions.
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Figure 6.8: Virtual “V-disparity” images after offsetting hand « (a) vertical line
extracted (b) binary thresholded virtual “V-disparity” image

Observing Figure 6.8, it shows several clusters of points, each compactly aligned along a
vertical line. Apparently, the clusters represent the projections of the riser planes as

treads are occluded at the virtual observing point. Under the virtual camera placement,
a set of vertical line segments would dominate the “V-disparity” image if the disparities

are well parsed. However, if the span i is not wide enough, clusters correspond to
smaller disparities will conjoin each other; while larger y will diffuse the vertical
projections and pose challenges to line detection. On the other hand, if yaw angle Sis
too large, it will cause severe diffusions no matter how large  is. However, we only
consider a small yaw angle (S € [—15°,+15°]) that does not cause a severe diffusion

problem.

The interest here is not to detect all the vertical lines but the most representative one as
shown in Figure 6.8 (a). Non-occluded “V-disparity” image is used to eliminate the

hassle of invisible tread pixels. Generally, set = 64 is a good trade-off from a

pragmatic perspective. A standard Hough transform is used for the line extraction. Once
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we have obtained the most representative vertical line, the remaining process is the
same as used in the optimization of hand « . A least square plane fitting is applied to a
set of points that project to a reliable segment along the detected vertical line. It would

then be a simple task to determine S given the 3D representation of the riser plane in

the virtual world coordinate system VCS (X Y Z ') as shown in Figure 6.9.

-Y
A o/ %
a
0 )
W v —
o i
Ja h
‘\Zr\ /)\
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. N
o) B ‘
X' Ground plane Z

Figure 6.9: Virtual camera and riser plane

6.6 Estimate remaining parameters

After obtaining the parameters h, @ and S, our journey is half done. Again, our

solution continues the exploration of the virtual “V-disparity” images created with the

most updated h, a and . A virtual disparity image is shown in Figure 6.7 (c) after

further offsetting the yaw angle . The virtual non-occluded “V-disparity” image and
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occluded “V-disparity” image now become better looking than ever before. They have
slimmer vertical linear segments and horizontal bottom tread projections. Next, what
we need to do is partitioning the occluded “V-disparity” image, and establishing a

correspondence between each partition and a planar region on the staircase surface.

(d)

Figure 6.10: (a)Non-occluded “V-disparity” image (b) binary thresholded non-occluded
“V-disparity” image (c)occluded “V-disparity” image (d) binary thresholded occluded “V-
disparity” image
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As usual, we need an adaptive scaling factor S, to spread out the disparities suited for
line extraction. Then, both occluded and non-occluded “V-disparity” images are

constructed at scale S, as shown in Figure 6.10(b), (d).

6.6.1 Partition Virtual “V-disparity” image

In the non-occluded virtual “V-disparity” image, most tread pixels are excluded, leaving
a set of disconnected vertical line segments correspond to the risers. Hough transform is
applied in the image for the detection of vertical lines. Outliers could be removed by

checking the inter-line distance, using Equation 6.4:

d=— (6.4)

A suitable Euclidean distance between two vertical lines should be greater than 15cm in
most of the staircases. This constraint should remove all the outliers and ensure the

neighboring line segments span a reasonable distance.

Once the vertical lines projected from various risers are acquired, the invisible tread
pixels are then taken into consideration in the occluded “V-disparity” image. Each
vertical line is grown in either direction, until a sudden decline in the number of nonzero
pixels it passes through occurs. After the outward expansion, we obtain the lateral
boundaries for the projected area of each riser and 2 corners. With this information, we
achieve a partition result as shown in Figure 6.11. Each partition is defined by a

rectangle and the type of stair surface that it belongs to.
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Figure 6.11: Partition the occluded “V-disparity” image

Note that some pixels are not included in either type of rectangles because they lie in a
dual identity region. 3D points that projected into these regions can originate from
either the tread or the riser surface. It will destabilize the system if these pixels are
considered. On top of that, it’s also unnecessary to consider these pixels due to the fact
that our partition is aimed at estimating the 3D location of each plane rather than a
precise pixel classification on the original image as long as we have enough pixels that

fall into each partition to proceed.
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6.6.2 Back-projection onto original image

Each partition represents part of a planar region on the staircase surface. Next, we’ll
derive the geometric relation of each plane with the virtual camera, using Equation 6.4
and 6.5, which are obtained by substituting & = Ointo Equation 5.11 and 5.9,

respectively

he (V—v,)b

5 (6.5)

Each partition 7, is back-projected onto the original image to obtain a set of valid pixels
P ={p,, p;,--, p,} that the partition represents. For a riser partition, median disparity
01 is figured out and substituted into Equation 6.4 to calculate the virtual median
distance d, ., of the riser plane to the virtual camera point. For a tread partition, use
Equation 6.5 to calculate the height at each pixel h|(p;) € H and a median height

h;.q is taken as the virtual elevation of the tread. A simple translation from the virtual
observing point to the real camera position gives all the

med med

parameters:d, , — d;, h; ., = h

Up to now, we have estimated all parameters as required in Section 6.2.
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6.7 Experiments
This section presents experiments on 2 staircases. As space is limited, we’ll not provide a
step-by-step visual demonstration for every frame in each scenario. For each staircase,

visual demonstration is provided for only one typical scene for illustration purpose.

6.7.1 Staircase scenario 1

For each staircase, there is an optimal test environment suited to that particular
staircase. For the staircase shown in Figure 6.12, the optimal parameter settings are

shown in Table 6.3.

Parameters Value
Aw 0.02
Xshift 0.02
Yshift 0.005
Stages 16

Table 6.3: Optimal parameter setting, scenario 1

Figure 6.12 — 6.16 take down the workflow of the staircase localization algorithm. Full
description will not be provided since most of these figures have been explained in
previous sections. The bottom right sub-figure of Figure 6.12 is the thresholded “V-

disparity” image with scaling factor s,. The green line is the weighted Hough transform
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detected line as aforementioned, while the yellow line is the projection of the fitted

plane when optimizing h and

Figure 6.12: Staircase image and “V-disparity” image (S, ), scenario 1

Table 6.4 lists the final experimental data and the values of the 3 adaptive scaling
factors: S;,S,and s;used for this particular scene. The values of the scaling factors are

very important to the final localization results.

Generally, the data presented in Table 6.4 are satisfactory. If the camera is well-placed
(roll angle y — 0, 8 €[~15°+15°]) and the test parameters for the 2D scan are

appropriately set (Table 6.3), the algorithm can always accurately recover the pose and

dimensions of the staircase in the scene.
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Figure 6.13: Virtual non-occluded “V-disparity” image (S, ), scenario 1

Figure 6.14: Disparity images, scenario 1



Figure 6.15: Non-occluded and occluded "V-disparity" image(s, ), scenario 1
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Figure 6.16: Partition on occluded "V-disparity" image, scenario 1
Scaling St 5,
factor 2.216 15.422
h/m o | deg S 1deg d/m
Gl Initial 0.834 22.85 / /
geometry
Final 0.798 21.01 9.05 1.487
Height h,/m h, /m h, /'m h,/m
staircase TS 0.152 0.149 /
dimensions Width d,/m d,/m d,/m d,/m
0.292 0.291 0.291 0.289

Table 6.4: Experimental data, scenario 1
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Figure 6.17: Range weighted Hough transform (RWHT) scenario 1

Figure 6.17 gives the line detection results of RWHT. Convex lines in red. The staircase is

left undetected due to limited number of lines extracted in each set.

6.7.2 Staircase scenario 2

Scenario 2 tests another staircase. Micro-textures bestrewed the surface of the staircase,
which helps the Bumblebee generate a much denser disparity map as shown in Figure
6.20. During the experiment, we have found that staircases which possess sufficient
textures only need a sparse scanning scheme to achieve equivalent results as shown in

Table 6.5.
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Parameters Value
Aw 0.04
Xshift 0.04
Yshift 0.01
Stages 16

Table 6.5: Optimal parameter setting, scenario 2

Figure 6.18: Staircase image and "V-disparity" image (S, ), scenario 2

In the “V-disparity” image shown in Figure 6.18, the longest segment is projected by the
parapets’ top surface. The surfaces form an oblique plane in the WCS. If the plane is

viewed as a virtual ground plane as shown in Figure 5.3, the new pitch angle can be
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represented as: ' = a + 6, where « is the real pitch angle and @ is the slanting angle
between the parapet surface and the real ground plane. Normally, the slope 8 of
staircases approximate 45°, which makes «' beyond the predefined range [00,450] and
leaving the longest projection undetected. Another factor that could cause the line to
remain undetected is its low weights (intensities) compared with staircase planar region

projections.

Figure 6.19: Virtual non-occluded “V-disparity” image (S, ), scenario 2
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Figure 6.20: Disparity images, scenario 2

In the case of small yaw angles ( # — 0) as in the current scene, strong edges are
almost parallel to the epipolar lines. It is well-known that in such a condition, window-
based correlation stereo may compute incorrect disparities due to lack of gradient
variations along the epipolar line. Therefore, artificial and null patches often occur on
the disparity images as shown in Figure 6.14. However, this phenomenon does not occur
in Figure 6.20 due to clouds of textures bestrewed on the staircase surface. With the
highly accurate disparities, all the “V-disparity” images generated here are of high
quality. They have slimmer projections and fewer noises. One thing worth noting is that,
even though there are some incorrectly estimated disparities in the disparity map, it
does not affect the result as long as majority of the disparity values are correctly

estimated. This is because both “V-disparity” and Hough transform are in nature
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Figure 6.21: Non-occluded and occluded "V-disparity" image(s, ), scenario 2

majority voting schemes. Incorrectly estimated disparities are simply suppressed in the

line extraction process.
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The system runs at an average speed of 0.774 second per frame on our Pentium IV, 2.66
GHz PC with image size 1,024 x 768. Depending on the size of the reported region, the

processing time roughly varies from 0.5 second to 1.0 second.

Figure 6.22: Partition on occluded "V-disparity" image, scenario 2

Scaling S
factor 15.521
aldeg B1deg d/m
Camera = nitial 25.384 / /
geometry
Final 21.200 1.250 1.520
Height h, /m h, /m h, /m hy /m
staircase [N 0.162 0.163 0.169 /
dimensions  Width d,/m d,/m d,/m d./m
0.294 0.292 0.290 0.303

Table 6.6: Experimental data, scenario 2
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Figure 6.23: Range weighted Hough transform (RWHT) scenario 2

convex: 0.01x-0.64y—-0.76z2+1.674 =0; (6.6)

concave: 0.01x—-0.64y-0.77z2+1.815=0 (6.7)

Figure 6.23 gives the RWHT results and the tangent planes are expressed in Equations
6.6 and 6.7 respectively for convex and concave lines, in the camera coordinate system.
Figure 6.24 projects the tangent planes onto the staircase reconstructed with full
parameterization given by the proposed localization algorithm. The results of both

methods converge well.
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Figure 6.24: Staircase reconstruction

6.7.3 Discussions

Due to limited time and resources, this thesis only presents 2 staircase localization
scenarios. Scarce of experimental data may barricade our way of making an ultimate
decision about which algorithm is better, but it still shows Lu and Manduchi ‘s method

[52] could not solve the staircase detection problem very well.

Lu [52] starts his solution from edge pixels of the intensity image, a common ground for
all types of line-based stair detection algorithms [11], [12], [13], [14], augmented with
range data. The inclusion of range information effectively removes a substantial amount
of false positives, meanwhile stricter verification lows down the detection rate.
Referring to the detection rate figures listed in Table 4.6, it is reasonable to deduce that

[52] has a much worse detection rate compared with the proposed algorithm.
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Another finding through experiment is that the curvature index expressed in Equation
5.1 often provides non-satisfactory results. It can be attributed to the quality of range
data and the nonlinear mapping effect of range images (Section 6.4.1). Curvature indices
at points nearer to camera are often underestimated, reducing the chance of nearer

stair edges to be detected.

Concerning the detection accuracy, both methods present satisfactory results if
staircase is detected. A major shortcoming of the proposed algorithm is that it works
only in a range of [—15°,+15°]. This is a result of the boosted classifier, which will lose
its competence beyond this range. The operating range figures are estimated through

experiment, and may not strictly apply to all cases.

All'in all, the proposed technique should represent the standout within all existing

staircase detection and localization algorithms.
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6.8 Summary

This chapter proposes a novel 3D staircase localization algorithm based on “V-disparity”
concept. The concept applies to every planar region on the staircase surface. However,
due to inherent limitations lie in the formulation of the “V-disparity” image, it is hard to
identify the linear projections for every plane directly from the original “V-disparity”

image. A few improvements have been made to make the “V-disparity” concept more

suitable for the task of staircase localization:

e The “V-disparity” images used in the experiment are all adaptive scaled to make
it more suitable for the task of line extraction.

e Virtual “V-disparity” images are used as if cameras are transformed to a virtual
observing point such that all risers are fronto-parallel planes and project as
vertical lines in the “V-disparity” image.

e Plane fitting is used to improve the accuracy of parameter estimation.

Experiments on 2 different staircases are presented at the end of the chapter to

demonstrate the performance of the algorithm.
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Chapter 7 Conclusions

7.1 Conclusions

This project presents a novel vision-based staircase identification system. The system is
deliberately divided into 2 sub-tasks: 2D staircase detection followed by 3D staircase
localization. Due to high computational cost of 3D data processing, the 2D staircase
detector is first used to preview every input frame at a rapid rate. The 3D localization

system is triggered only when a staircase is detected through 2D analysis.

The 2D detector is based on the Viola-Jones rapid object detection framework. A small
set of PCA-based Haar-like features are introduced into training. The AdaBoost
algorithm firstly selects these user-designed features which are extremely efficient at
rejecting negative samples at early stages. The PCA-based features also set up a
generalized guideline for Haar-like feature design suitable for the detection of any other
objects. Scanning and integration schemes are redesigned for staircase detection. A new
evaluation metric is introduced to assess the accuracy of every detection rather than
Boolean classifying it. Eventually, we obtained a 29-layer cascade of classifiers, involving
655 Haar-like features. The final detector does not rely on the detection of concurrent
lines such that it greatly mitigates the annoying issue of large false alarm rate for all line-
base staircase detection algorithms. Experiment on 311 negative test images reports a
zero false alarm. On the other hand, it managed to boost the detection rate to a higher

level as opposed to traditional line-based methods.
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An image concept known as “V-disparity” has been extensively used in the process of
staircase localization. “V-disparity” states that special planes in Euclidean space could be
projected into straight lines in the “V-disparity” space. The projection reduces the 3D
plane localization problem into a 2D line extraction problem. In the experiment,
staircases are modeled as a collection of orthogonal planes which project linearly in the
“V-disparity” space. The locations and dimensions of the staircases in the scene could be
quickly recovered from these linear projections. The 3D data are rather accurate,

especially for the nearer planes, the accuracy is within 2mm.

To the best of our knowledge, this project should represent the standout in the vision-
based staircase detection and localization domain and provide value insights to the

community.

7.2 Limitations and recommendations

e The project offers a solution for near frontal-looking staircase detection
(B e [—15°,+15°] ). In practical applications, wider viewing angle is desirable. As a
constituent part of autonomous staircase climbing, the climbing-down-view
should also be considered in future works.

e This algorithm gives width and height information for each step, but without
length information. Actual length for each step is nearly impossible to recover

but effective length could be acquired by pixel classification and boundary



ATTENTION: The Singapore Copyrigh sity Library

143

growing on each planar region after the 3D data is obtained. However, this
process incurs extra time. In most circumstances, the length information is
unnecessary as long as the detected space is enough for robot climbing.

e Parameter settings are very important to the 2D staircase detection. For every
staircase, there is an optimal setting suited for it. Hence, it’s a tough nut to crack
in terms of finding a universal parameter suited for all types of staircases.
Currently, the problem is solved by setting a dense scanning scheme for every

staircase, which may often waste time unnecessarily.
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