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1 Introduction

1.1 Task Description

The overall objective of this WP is to develop novel semantic mapping and concepts using visual
perception, sporadic GPS inputs and a-priori map information - it is a substrate for WP3. Specific

objectives are:

e To further the state of the art in map based localisation in urban settings using low cost

Sensors

e To create a tool-chain which can be used to create rich, useful and compact representation

of the environments applicable to the V-Charge project

e To engage in an ongoing program of evaluation testing and refinement as the quality and

utility of maps evolves.

This report covers the research performed by the consortium regarding the verification of novel semantic
mapping and semantic localisation concepts based on visual features. In the following, we give a high-level
overview over the content of this report and the progress made since Deliverable D2.2; grouped into the topics
of localisation and mapping. Sec. 2 then gives a detailed evaluation of the impact of semantic information on
image-based localisation. Afterwards, Sec. 3 describes the pipeline of UOXF.DF for the creation of semantic

maps.

More details about the following contributions can be found in the appendix.

’ \ Contributions \ From \ Link ‘

1 | Unsupervised Learning of Threshold for Geometric Verification in Visual- | ETHZ-CVG A
Based Loop-Closure, Gim Hee Lee, Marc Pollefeys, ICRA 2014

2 | Joint 3D Scene Reconstruction and Class Segmentation, Christian Héne, | ETHZ-CVG B
Christopher Zach, Andrea Cohen, Roland Angst, Marc Pollefeys, CVPR
2013

3 | Class Specific 3D Object Shape Priors Using Surface Normals, Christian | ETHZ-CVG C
Héne, Nikolay Savinov, Marc Pollefeys, CVPR 2014

4 | Driven Learning for Driving: How Introspection Improves Semantic Map- | UOXF.DF D
ping, Hugo Grimmett, Rudolph Triebel, Rohan Paul and Ingmar Posner,
ISSR 2013

5 | Knowing When We Don’t Know: Introspective Classification for Mission- | UOXF.DF E
Critical Decision Making, Hugo Grimmett, Rohan Paul, Rudolph Triebel
and Ingmar Posner , ICRA 2013

6 | Reading the Road: Road Marking Classification and Interpretation, Bonolo | UOXF.DF F

Mathibela, Ingmar Posner, Paul Newman

1.2 Overview of the Contributions

1.2.1 Localisation using (Global) Semantic Information (ETHZ - CVGQG)

Image-based localisation is the problem of determining the position and orientation, i.e., the camera pose,
from which a given image was taken with respect to a 3D model of the scene. In the V-Charge project,




this problem is for example encountered when the initial position of the car has to be determined in order
to begin navigation. The common assumption is that the 3D model is a sparse point cloud reconstructed
from a set of database images using Structure-from-Motion or SLAM techniques (as is the case in the V-
Charge project). In this case, each point was reconstructed from visual features found in the database
image, i.e., we can associate each 3D point with the image descriptors of the features to obtain information
about its local appearance. Given a novel image, we can then establish 2D-3D correspondences between
features found in this query image and 3D points in the model through the descriptors associated with the
features and points. These 2D-3D matches in turn allow us to compute the camera pose. Classical image-
based localisation approaches [1-5] rely solely on the visual features and their descriptors to establish the
2D-3D matches and ignore any semantic information present in the map and the query images. However,
it has been shown that the majority of features found in a query image do not have a corresponding 3D
point [4]. Consequently, classical image-based localisation approaches waste a lot of computational effort on
features not likely to yield matches. As part of this report, we thus evaluate in Sec. 2 whether we can use
semantic information to detect which regions in the query image show scene elements that are covered by
the 3D model. Another problem of image-based localisation approaches that solely rely on the descriptors
are locally similar structures found in different, unrelated parts of the scene. Since it is hard to decide which
of the resulting ambiguous matches are correct and which are wrong, state-of-the-art approaches usually
detect and remove ambiguous matches before attempting pose estimation. This filtering step comes at the
expense of localisation effectiveness as fewer query images can be localized since fewer matches are used. In
the second part of Sec. 2, we thus investigate how global semantic information that disambiguate structures
with locally similar appearance can be used to improve the effectiveness of image-based localisation. This
part of the report is based on unpublished work: Our results show that the gain in localisation efficiency
that we can obtain through the use of semantic information is only marginal, especially given the additional
computational effort necessary to obtain the semantic information. We show that the effectiveness can be
improved significantly by considering semantic information in both the query images and the 3D model. At
the same time, our approach will fail to work if the scene contains identical structures and we argue that
we need more principled approaches that explicitly handle ambiguous structures, which does not seem to be
possible using semantic information alone.

Since the second part of Sec. 2 can benefit from using semantic dense 3D models, we have explored the
possibility of using convex multi-label segmentation formulations to generate such models, resulting in two
publications [6,7]. In the first one we reconstruct and segment the environment jointly to get better geometry
and get a consistent segmentation. In this work, we have looked at two intrinsically ill-posed problems, image
segmentation and dense 3D modeling from images. Strong regularizers are therefore required to constrain the
solutions from being ’too noisy’. Unfortunately, these priors generally yield overly smooth reconstructions
and/or segmentations in certain regions whereas they fail in other areas to constrain the solution sufficiently.
We argue that image segmentation and dense 3D reconstruction contribute valuable information to each
other’s task. As a consequence, we propose a rigorous mathematical framework to formulate and solve a
joint segmentation and dense reconstruction problem. Image segmentations provide geometric cues about
which surface orientations are more likely to appear at a certain location in space whereas a dense 3D
reconstruction yields a suitable regularization for the segmentation problem by lifting the labeling from
2D images to 3D space. We show how appearance-based cues and 3D surface orientation priors can be
learned from training data and subsequently used for class-specific regularization. Experimental results on
several datasets highlight the advantages of our joint formulation. Details on this approach can be found in
Appendix B.

In the second paper [7], we have looked at dense 3D reconstruction of real-world objects containing texture-
less, reflective and specular parts, which is a challenging task. Using general smoothness priors such as surface
area regularization can lead to defects in the form of disconnected parts or unwanted indentations. We argue
that this problem can be solved by exploiting the object class specific local surface orientations, e.g., a car
is always close to horizontal in the roof area. Therefore, we formulate an object class specific shape prior in
the form of spatially varying anisotropic smoothness terms. The parameters of the shape prior are extracted



from training data. Our shape prior formulation directly fits into our previously proposed volumetric multi-
label reconstruction approach. This allows a segmentation between the object and its supporting ground.
In our experimental evaluation we show reconstructions using our trained shape prior on several challenging
datasets. Details on this approach can be found in Appendix C.

Closely related to the image-based localisation problem is the problem of visual place recognition: Given
a database of images depicting a set of places and a novel query image, determine which database images
show the same place as the query image. In the V-Charge project, the visual place recognition problem
is encountered during loop-closure for Simultaneous localisation and Mapping (SLAM) when we try to
determine whether we have already visited a place while either reconstructing the scene or tracking the
motion of the car. Identifying loop-closures, i.e., previously recorded images depicting the current location
of the car, allows us to refine the map by computing the geometric constraint that relates the existing
database images with the current camera view. In the recent years, many works [8—12] have considered this
problems. Most of these approaches rely on vocabulary-trees [13] to select potential loop-closure image pairs
purely based on the appearance similarity between the images and do not take the geometric relation between
the images into account. As a result, an additional step of geometric verification is required to determine
whether a potential loop-closure pair actually depicts the same physical place. Geometric verification refers
to the process of checking the consistency of the feature correspondences between the image pairs. This
is achieved by counting the number of inliers, i.e., the number of feature matches that are consistent with
geometric relation between the two images estimated using RANSAC. The 5-point [14] and 8-point [15]
algorithms are commonly used to compute the geometric relation between an image pair from a monocular
camera by estimating the epipolar geometry between the images. Similarly, the absolute orientation [16]
algorithm is used for stereo cameras, and the 3-point [12] and pose estimation [17] algorithms for multi-
camera setups. Usually, an image pair is accepted as a valid loop-closure if the number of inliers exceeds
a pre-defined threshold. Obviously, the choice for this threshold is critical to the success of identifying the
correct loop-closures. A threshold which is too high results in missing out many correct loop-closure image
pairs, resulting in worse 3D maps, while a threshold which is too low results in many false positives, which
again negatively impacts the quality of the 3D maps. Usually, the threshold is chosen empirically in the
existing works for visual-based loop-closures [8-12]. Unfortunately, the optimal value for the threshold is
dataset dependent and it is hard to manually find a good threshold for each scene. In order to solve this
problem, we have developed an unsupervised method that learns the threshold for geometric verification
directly from the observed geometric verification inlier counts for all the potential loop-closure image pairs
[18]: We observed that the inlier counts from all the potential loop-closure image pairs, normalized with the
maximum inlier count, can be approximated with a two components Log-Normal mixture distribution. We
use the Expectation Maximization (EM) algorithm to learn the hidden variables representing the parameters
of the mixture model, and the latent variables representing the state of loop-closure or non loop-closure.
The intersection of the Log-Normal mixture distributions is the optimal threshold for geometric verification,
i.e., the threshold that gives the minimum false positive and false negative loop-closures. Our algorithm
degenerates when there are too few or no loop-closures and we propose the chi-square test to detect this
degeneracy. We have experimentally verified our method on several large-scale datasets collected from the
multi-camera setup used in the V-Charge project as well as with a stereo camera setup. Since our method
essentially uses a sort of global semantic information (in the form of a set of correct loop-closures and
false positive loop-closures) to improve visual feature-based place recognition, which plays an essential role
both during the construction of the map and during localisation, our work fits well into the scope of this
deliverable. We have attached our publication [18] as Appendix A of this report and we plan to integrate
this approach into the current V-Charge pipeline.



1.2.2 Semantic Mapping Tool-Chain (UOXF.DF)

Significant progress in autonomous driving during recent years has inspired a view that successful autonomous
operation in complex, dynamic environments critically depends on a-priori available semantic maps repre-
senting ostensibly permanent aspects of the environment (see, for example, [19]). Indeed, this is considered
an important aspect in the context of the V-Charge project, where the car operating in a parking lot could
leverage a higher-level understanding of road marks available in a semantic map. For instance, the knowledge
that there is an upcoming pedestrian crossing should be taken into account in the vehicle’s current motion
plan and speed. The labelling of parking spots is crucial for efficient assignment of parking spaces and
parking planning. Owing to their safety-critical nature, these high level maps are typically created manually,
but hand-labelling is an expensive process which scales linearly with the number of routes to label. Using
machine learning classifiers reduces the number of data required for hand-labelling (for the training set) but
requires a human to check for errors. Even though classifiers reduce the computational load on humans,
traditional classification-based approaches require the use of an extensive repository of ground-truth labelled
images for training, which most of the time induces annotations by hand. A prominent approach to tackling
such challenges is that of active learning on global map images, where classification results are iteratively re-
fined by asking a human supervisor for ground-truth labels in ambiguous cases, and incorporating the added
information into classifier training [20]. This allows for classifiers to achieve a similarly high rate of precision
whilst simultaneously reducing the required number of hand-labelled examples, and giving the operator a
chance to check and approve the detections. As part of the specific tasks of WP2, in Sec. 3 we describe the
tool-chain developed by UOX.DF to build semantic maps automatically whose core relies on active learning
for road mark classification (e.g., parking spot, pedestrian crossings). We explain the mechanisms necessary
to build a high level representation of a typical navigation environment by combining metric and topological
graphs through the general ‘road graph’ concept. In this deliverable, we also address the problem of building
road graphs from the vehicle localisation as an alternative solution to image-based road detection when there
is insufficient visual information about lane marks. We report evaluation results on experiments conducted
in the BOSCH parking house located in Stuttgart which fulfils the precision requirements of the V-Charge
project in terms of correct label detection. In addition, we evaluate the accuracy of the semantic map for
its future integration by transferring the detected labels from the semantic map to the current vehicle frame
when the car drives during a different navigation experience at the parking lot.

The approach adopted in the semantic mapping part of this report (cf. Sec. 3) is supported extensively by our
recent research published in the following papers, which can be found in Appendix D and Appendix E. In the
paper attached as Appendix E we show, in a robotics context, that several of the classification frameworks
commonly used in detection of traffic and road labels are unrealistically overconfident in their assessment of
class membership. To characterise this attribute, we introduce the notion of an introspective capacity of a
classification framework: the ability to associate a confidence which realistically reflects how qualified the
classifier is to make a particular class decision with each individual test instance. Our experimental results
imply that GPCs possess a more pronounced introspective capacity than other classification frameworks
commonly employed in robotics (LogitBoost and Support Vector Machines (SVM)) at the expense of higher
computational complexity. We attribute this to their accounting, at test time, for predictive variance over
the space of feasible classification models. This is in contrast to other commonly employed classification
frameworks which often only consider a one-shot (ML or MAP) solution.

In the paper attached in Appendix D we show that the characterisation of the classification uncertainty
harbours significant benefits for active learning as compared to more traditional approaches. In this respect,
our contribution is three-fold. Firstly, the notion of introspective classification introduced earlier is shown
to be particularly important in the context of active learning, where a reliable estimate of the classification
uncertainty is required. We do this by showing an improvement in both classification performance and learn-
ing rate over a non-introspective classifier. Secondly, an efficient version of the Gaussian Process Classifier,
namely the Informative Vector Machine (IVM) is used, which makes the approach particularly useful for



robotics applications with large amounts of data. We show visual examples of where it is confused and where
it is confident, and use it to create the first offline semantic mapping algorithm via active learning. And
finally, we present an elegant, information-theoretic solution to the problem of increasing memory require-
ments by forgetting the least informative data, which further increases the significance of the approach for
mobile robotics applications.

A different approach for road marking classification and interpretation is proposed in our paper attached
in Appendix F. Unlike previous work which focuses on finding arrows and painted traffic signs on roads,
classifying solid and dashed lines, intersections and zebra crossings, in this paper we presented a CRFs
based framework for situational awareness based on reading and interpreting road markings. Specifically, we
classified road markings into seven distinct classes: single boundary, double boundary, separator, zig-zag,
intersection, boxed junction and special lane. Our system achieved a precision of between 74% and 93%
and corresponding recall of 70% to 94% across all classes. Overall, our system allows a vehicle to read and
interpret the road by understanding the rules of the road encoded in the type of painted road markings
visible. We certainly think that this approach can be integrated in the V-Charge semantic mapping pipeline
for the detection of lanes.

2 Semantic Image-Based Localisation

Image-based localisation is the problem of determining the position and orientation, commonly referred to
as the camera pose, from which a given image was taken. In the following, we assume that we are given a 3D
model of the scene obtained using Structure-from-Motion, i.e., a sparse map of the environment reconstructed
from a set of database images. In this case, every 3D point in the map has been reconstructed from feature
points found in at least two images. Consequently, we can associate each 3D point with the local image
descriptors of its corresponding features. Given a novel query image, we can again extract local features in
it and use their descriptors to obtain 2D-3D matches between 2D features in the image and 3D points in the
model. These 2D-3D matches then allow us to compute the camera pose relative to the 3D point cloud [15].
The main challenge for image-based localisation methods is to efficiently compute the 2D-3D matches as
there are usually thousands of image features while the map can be comprised of millions or more 3D points.
At the same time, localisation methods need to be effective in terms of localizing query images under a wide
range of viewing conditions, i.e., they need to find enough 2D-3D matches to enable camera pose estimation.
Usually, the camera pose is estimated using a n-point pose solver inside a RANSAC loop [21]. Since the
number of required RANSAC iterations grows exponentially with the percentage of wrong matches, effective
image-based localisation techniques need to ensure that most of their matches are correct.

State-of-the-art approaches for efficient and effective image-based localisation all rely on nearest neighbor
search in the descriptor space to establish the matches. As shown in [1], most of the features found in a query
image have no corresponding 3D scene point, i.e., a significant amount of computation is wasted on features
not representing any scene structures. Obviously, features found on movable objects such as pedestrians or
cars are very unlikely to yield correct matches as the 3D model contains only the static elements of the scene.
Using semantic scene information, we should be able to easily identify such scene elements unlikely to lead to
matches and remove features found on them before performing nearest neighbor search. In this part of the
report, we will thus investigate the use of such semantics for image-based localisation. Our approach to this
problem is inspired by both the semantic maps and the object detection approach described in Deliverable
D2.2: We first label regions in the query image to obtain semantic information about the objects depicted
in them. We then filter out features falling into regions that show objects that are not contained in the 3D
model.

State-of-the-art localisation methods are also based on the implicit assumption that they are able to dis-
tinguish between correct and incorrect nearest neighbors by considering only individual descriptors. This



assumption holds for models that contain a few million 3D points and depict landmark scenes or urban areas
with visually unique buildings. However, it is often violated for larger scenes and general urban environments
[3] since such scenes contain very similar local structures in different, unrelated parts of the models, making
it harder to distinguish between correct and incorrect nearest neighbors. This problem is very relevant to
the V-Charge project as indoor parking decks are usually comprised of many structures with locally similar
appearance. Semantic information about the scene, taking the global structure of the scene into account,
should help us to distinguish between locally similar scene elements. In this part of report, we will thus also
evaluate whether we can use semantic scene information to disambiguate matches. In order to do so, we use
global semantic maps consisting of individual scene elements. In contrast to the semantic maps described in
Deliverable D2.2 and the semantic information used for the problem above, our maps do not contain generic
labels such as ’building’, ’tree’, or ’car’ but rather groups of spatially close 3D structures.

The rest of this section is structured as follows: We first review the image-based localisation approach that
we will use for part of the experimental evaluation. In Sec. 2.2, we explain how to obtain semantic labels
for the query images and use them to filter out features that do not have corresponding 3D points. Sec. 2.3
then considers the problem of disambiguating locally similar scene elements.

This part of the report is based on unpublished work. Our results clearly demonstrate that semantic in-
formation can be useful for image-based localisation. However, they do not improve the state-of-the-art
significantly enough compared to the computational overhead induced by using semantics.

2.1 Image-Based Localisation

For the first part of semantic localisation, filtering out features based on semantic labels before performing
localisation, we chose to use the prioritized matching method from [5] since it represents the state-of-the-art
in efficient image-based localisation while achieving a localisation effectiveness similar to methods that are
orders of magnitude slower [5].

Starting with a fixed quantization of the descriptor space into 100k cells, so-called visual words, obtained
through approximate k-means clustering, the method from [5] assigns the descriptors of the 3D points to
their closest word in an offline step using approximate nearest neighbor search. For each word, it stores the
descriptors assigned to it and references to the corresponding 3D point positions. Given a novel query image,
the method assigns the features found in the image to their closest words. For each feature, the method then
determines the number of 3D point descriptors assigned to the same word as the feature. Since the method
restricts the nearest neighbor search for a query feature to all point descriptors mapped to the same word,
the number of point descriptors directly gives the search costs for that feature. The method then sorts the
features in ascending order of search costs. Considering the features in the query image in this ordering,
the approach finds for every feature f with descriptor d; the two nearest neighboring 3D point descriptors
d, and dg, ie., ||d, —df|2 < ||dg —df|l2. A 2D-to-3D match between the feature f and the 3D point p
corresponding to the nearest neighbor is established if Lowe’s ratio test [22] is passed, i.e., if

ldp —dyll2 <0.7-]|dg —dfll2 - (1)

In order to recover matches lost due to quantization errors, i.e., matches between features and 3D points
assigned to different visual words, [5] uses an active search mechanism: Once a new 2D-t0-3D correspondence
is found, they find a constant number of spatial nearest neighbors around the matching point. These neigh-
boring points are then matched against the features in the query image using a smaller vocabulary which
induces fewer quantization errors, where the ratio test is again used to reject wrong or ambiguous corre-
spondences. Once a total of 100 matches is found (comprising of 2D-to-3D and 3D-to-2D correspondences),
[5] terminates the descriptor matching process. The method then uses co-visibility relations between the
matching 3D points to detect and remove correspondences that passed the ratio test but are likely to be



wrong. The remaining matches are then used to estimate the camera pose using the 6-point DLT algorithm
[15] to compute the full projection matrix of the camera inside a RANSAC loop [21]. For further details
about the approach, we refer the interested reader to [1,5].

2.2 Using Semantic Labels for the Query Images

The descriptor matching stage quickly becomes the bottleneck for image-based localisation when considering
large-scale scenes. As outlined above, most features found in a query image have no corresponding 3D point
in the model and thus introduce unnecessary computational overhead. In this section, we consequently
focus on detecting the parts of the query image that depict structures not present in the 3D model, e.g.,
pedestrians or cars. Any features found in these image regions can safely be discarded, which should result
in faster descriptor matching times as fewer features need to be considered. At the same time, removing
these features should not impact the localisation effectiveness, i.e., the ability of the localisation method to
register many images.

In order to detect image regions not contained in the 3D model, we use semantic classifiers. In the following,
we first explain how we train these classifiers. We then describe how the resulting semantic labels are used
to decide whether a 2D feature should be considered for correspondence search. Finally, we experimentally
evaluate the resulting pipeline.

2.2.1 Training Semantic Classifiers

In order to decide whether we want to use a feature for correspondence search, we need to determine
which types of scene elements are depicted in the region covered by the feature’s descriptor. We obtain
this knowledge through semantic labels assigned to different regions of the query image using the Associate
Hierarchical Random Fields (AHRF) method [23]. AHRF is based on supervised learning, i.e., it uses a set of
training images, each with ground truth labels for its image regions, to learn a set of classifiers that predict
which image region should be associated with which label. For each training image, [23] first compute
two levels of super pixels, where the second level is obtained from the first level, creating a hierarchical
representation of the image together with the raw pixel values. [23] then extract different types of features,
such as textons [24], local binary patterns [25], and multi-scale dense SIFT descriptors [22], from the training
images, which are used to define unary energy potentials for the elements in the hierarchical representation.
Besides these unary potentials, which link labels with image features, pairwise potentials are used to try
to enforce similar labels for spatially related image regions in the hierarchy. [23] then learn weights for the
different types of potentials. Given a new image, its hierarchical decomposition, and the features extracted
in it, the learnt weights are then used to compute a label for each element in the hierarchy by finding the
maximum a posteriori labeling [23], which can be done in a few seconds per image. Fig. 1 shows examples
for images from the Aachen dataset [20] (cf. Sec. 2.2.3) and their computed labels.

For further details about the approach, we refer the interested reader to [23].

2.2.2 Semantic-Based Feature Filtering

Like most image-based localisation approaches [2-5, 26], we use SIFT features [22] due to their robustness
against changes in viewpoint, illumination, and against partial occlusions. For each keypoint detected in
the scale space pyramid constructed by the algorithm, its SIF'T descriptor is defined as the histogram of the
gradients found in the descriptor window, a quadrangular region that is centered around the position of the
keypoint and aligned with the keypoint’s orientation (cf. pink quads in Fig. 2). The descriptor window has
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Figure 1: (a), (b) The semantic labels obtained using the method from [23], trained on images from [27], for
two of the query image from the Aachen dataset [26]. (c) The semantic labels used.

side length ¢ - o, where o is the scale of the feature and c is some implementation-dependent constant. The
histogram is then thresholded and normalized to remove the impact of very strong gradients.

Consider the case that a moving objects covers a large part of the descriptor window. In this case, the
feature descriptor will mainly contain gradient information describing the boundary of the object and texture
changes within the object. As a result, it will not have a corresponding point descriptor in the 3D model
since the Structure-from-Motion process that was used to generate the model reconstructs only static objects.
Consequently, we do not need to consider such descriptors for image-based localisation as they will only add
computational costs without yielding valid 2D-3D matches that can be used for camera pose estimation.
In order to detect and remove those features before applying the localisation method from [5], we use the
semantic labels obtained using [23]: Let £ be the set of labels and let £g C £ and Lp; C £ be the labels
associated with static and movable elements, respectively. Since the rectangular descriptor window needs to
be aligned to the feature’s orientation and since gradients found at positions away from the center of the
descriptor window are down-weighted by the SIFT algorithm [22], we approximate the regions covered by
the descriptor window by a circle of radius § - o, which simplifies the implementation due to the rotational
invariance of circles (cf. green circles in Fig. 2). We then build a histogram over the semantic labels associated
with the pixels falling inside the circle, counting the number ¢; of occurrences for each label I € £. In order
to decide whether to use a descriptor for localisation or not, we consider the ratio
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ratio is greater or equal to a given threshold 7 € [0, 1], i.e., if

c
Eleﬁs ! >r , (3)
Diers Ut Diery, @

we keep the corresponding feature. Otherwise, we remove it before attempting image-based localisation.
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Figure 2: Tllustration of our feature filtering step, using the coloring scheme from Fig. 1(c) for the semantic
labels. For each of the four features, the pink rectangle denotes the image region used to compute the SIFT
descriptor. We use the region defined by the green circle to determine which semantic structures are covered
by the descriptor. Descriptor A is found in a part of the image marked as building (dark red) and should
thus be used for correspondence search. While the green circle of descriptor B also contains a small region
labeled as a tree (yellow), it should still be used for localisation due to the robustness of SIFT descriptors to
partial occlusions. In contrast, the green circles of descriptors C and D mostly contain regions not present
in the model and should thus not be considered for image-based localisation.

Notice that our definition of a semantic-based feature filtering step ignores all spatial relationships between
pixels with the same labels in order to better deal with wrong labels.

2.2.3 Experimental Evaluation

We evaluate using semantic-based feature filtering for image-based localisation on two challenging datasets:
The Aachen model [26] and an extended version of the Vienna dataset [1] that is commonly used to evaluate
localisation approaches [1-5].

The Aachen dataset depicts part of the historic inner city of Aachen, Germany and was reconstructed
from 3047 database images taken with a few consumer-level cameras using a public Structure-from-Motion
software [28,29]. The model contains slightly more than 1.5 million 3D points with a total of more than 7.2
million associated image descriptors [26]. The 369 query images were taken over a timespan of roughly two
years with a mobile phone and thus capture seasonal changes, different lighting conditions, as well as the
typical defects of photos taken with mobile phones, e.g., blur or over- and underexposure [20].

The extended Vienna dataset [1] was reconstructed from 2267 database images taken with a single, calibrated
camera and depicts six landmark scenes! in the city of Vienna, Austria. It consists of 2.15 million 3D points
with a total of more than 9 million associated image descriptors. We use 650 query images obtained by
downloading photos from Panoramio that depict parts of the scenes covered in the model. As for the Aachen
dataset, all query images have a maximum resolution of 1600 x 1600 pixels.

In order to train the semantic classifiers, we trained the method from [23] (cf. Sec. 2.2.1) on 1774 photos
from a publicly available dataset containing Street View images and ground truth labels [27]. The dataset
offers labels for buildings, stores, trees, sidewalks, roads, sky, cars, bicycles, and pedestrians (cf. Fig. 1(c)).

IThe regular Vienna dataset commonly used in the literature only consists of three landmarks.
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We purposely trained the classifiers on an unrelated dataset as it is impractical to re-train them for each new
dataset, which is due to the considerable manual effort involved in obtaining labeled training images for a
new dataset. Thus it is important to evaluate whether classifiers trained on an unrelated dataset generalize
well.

Given a new query image, we first compute the semantic labeling using the trained classifiers. We then
use the feature filtering approach described in Sec. 2.2.2 to remove features found in the query image that
correspond to categories not present in the 3D model. We consider features found on sidewalks, roads, cars,
bicycles, and pedestrians as unstable?, i.e., we set Ly = {’sidewalk’, road’, 'car’, 'bicycle’, 'pedestrian’} and
Ls = {"building’, ’store’, 'tree’, 'sky’}. After performing semantic filtering, we use an implementation of [5]
that was optimized for cache consistency (and thus achieves faster matching times when performing nearest
neighbor search inside a visual word) to perform image-based localisation for all remaining features. After
matching, the camera pose is estimated using the 6-point DLT algorithm [15] to compute the full projection
matrix of the uncalibrated query images inside a SPRT-RANSAC loop [30] that applies local optimization
[31]. We consider a query image as successfully localized if the best camera pose found by RANSAC has at
least 12 inliers [2—5]. We use the publicly available SiftGPU implementation [32] to extract SIFT features
in the query images.

During the experiments, we measure both the localisation effectiveness, i.e., the number of query images that
could be localized, and the localisation efficiency, i.e., the average time required to localize a query image.
The latter measure includes the time to perform semantic filtering, visual word assignments, correspondence
search, and camera pose estimation, but does not include neither the time required to extract the SIFT
feature nor the time required to obtain the semantic labeling of the query image. Due to the random nature
of RANSAC, we repeated every experiment 10 times and report the total number of query images that can
be localized at least once. For each query image, we average the time required for localisation using all
repetitions in which the image was localized.

We would like to choose the threshold parameter 7 for semantic filtering (cf. Eqn. 3) such that we obtain a
good compromise between localisation effectiveness and efficiency. Since the run-time required to filter out
features does not depend on the value of 7, the gain in efficiency for the localisation method is directly related
to the percentage of features remaining in the query image after applying the filtering step. Fig. 3 details
the effect of the threshold on both the number of images that can be localized and the percentage of features
remaining after the filtering procedure. As can be seen in Fig. 3(a),(c), the number of query images that
can be localized remains rather constant for both datasets, even though there is a slight drop in localisation
effectiveness for larger values of 7. Furthermore, it can be observed that there is only a small difference
between the number of images that can be localized without applying the semantic filtering and with the
filtering step: For the Aachen dataset, this difference is at most 5 images (about 1.4% of all query images)
while the maximal difference is 10 images for the Vienna dataset (about 1.5% of the query images). This
shows that the semantic labels provided by [23] are accurate enough to prevent loosing too many important
2D-3D matches due to mislabeling, even though the classifiers were trained on an unrelated dataset. While
the labels are precise enough to maintain the localisation effectiveness of the approach from [5], Fig. 3(b),(d)
shows that between 60% and 90% of the features pass the semantic filtering step for the majority of the
localized query images for both datasets. As can be expected, increasing the threshold 7 increases the
fraction of features rejected by the filter as it requires the corresponding descriptor windows to contain more
and more regions depicting parts of the scene that are actually contained in the model. Based on the results
from Fig. 3, we choose 7 = 0.8 since larger values result in a (small) drop in localisation effectiveness while
smaller values filter out fewer features, which should translate to a smaller gain in efficiency. For all the
following experiments, we will use 7 = 0.8.

2Sidewalks and roads were selected because we experienced that the descriptors of features found on them are extremely
viewpoint dependent, making it unlikely to obtain a correct match for any such features. At the same time, we found that the
descriptors of features found at the boundary of buildings and sky were very robust to changes in viewpoint since the part of
the descriptor modeling the sky remained very similar even for larger differences in viewpoint.
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Figure 3: (a), (c) The number of query images that can be localized depending on the semantic ratio test
threshold 7 for the Aachen and Vienna datasets, respectively. The black line denotes the number of images
that can be localized without semantic feature filtering. (b), (d) Cumulative histograms over the ratio of
query features remaining after performing feature filtering with different threshold values.
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Our motivation for filtering features before performing image-based localisation was based on the reasonable
assumption that removing features that will not lead to valid 2D-3D matches will decrease the localisation
times. In the following, we thus investigate the impact of semantic filtering on the run-time of image-based
localisation in more detail. Fig. 4 compares the cumulative distribution over the run-times for the query
images that can be localized with and without using semantic filtering. The figure shows the cumulative
distributions when considering different parts of the localisation pipeline from [5], namely computing the
nearest visual word for all features passing the semantic test (blue curve), additionally performing 2D-3D
matching (red curve), computing the visual word assignments, 2D-3D matches, and the camera pose (green
curve), as well as additionally performing semantic filtering (black curve). As expected, using fewer features
leads to faster visual word assignment times as fewer assignments need to be computed. Interestingly, the
2D-3D matching stage is comparable or slightly faster when not using semantic filtering, even though more
image features are used. The reason for this behavior is that the localisation approach from [5] combines
both 2D-to-3D and 3D-to-2D matching and chooses the matching direction depending on whether evaluating
the next 2D feature or the next 3D point is cheaper. As a consequence of using fewer features in the query
image due to semantic filtering, 3D-to-2D matching becomes cheaper and the algorithm starts preferring
3D-to-2D search over the other matching direction more often. This is illustrated in Fig. 5, which compares
the fraction of descriptor comparisons caused by 3D-to-2D matching among all descriptor comparisons when
using semantic filtering with the fraction observed when using all features. The fact that 2D-3D matching
is faster when using all features indicates that many of the 3D-to-2D matching steps do not lead to valid
correspondences. Notice that the localisation approach from [5] already only uses 3D points for 3D-to-2D
matching that are likely to be visible in the query image. Thus, it seems very unlikely that improving the
semantic labels, e.g., by using more fine-grained categories, will allow us to avoid these unnecessary matching
steps. While overall the times required to compute the visual word assignments, 2D-3D matches, and the
camera pose are comparable with and without using semantics, not using filtering is overall faster due to the
overhead required for semantic filtering (cf. black curves in Fig. 4). However, our current implementation is
not very optimized and could be improved by hierarchically clustering areas in the label image with similar
labels in order to accelerate the computation of the semantic ratios faster for features that cover larger image
regions, i.e., features detected on a larger scale. Yet, even when semantic filtering would induce no costs,
our results indicate that using semantic labeling for localisation does not offer a large enough improvement
to warrant the additional effort required to obtain the labels, especially when considering that computing
the semantic labels for a query image takes multiple seconds® [23].

2.2.4 Discussion

The results presented in Sec. 2.2.3 are interesting as they show that using higher level scene understanding,
in the form of semantic labels, does not automatically improve localisation efficiency. This contradicts
our initial understanding as we assumed that removing features that cannot lead to valid 2D-3D matches
should improve the localisation times without modifying the localisation algorithm. As shown in Fig. 3,
using semantic filtering does remove some features, so in theory we should be able to harness the resulting
potential, e.g., by optimizing the trade-off between 2D-to-3D and 3D-to-2D matching. However, the potential
speed-up that can be gained is not very large as the majority of features passes the semantic filtering step?.

The approach discussed above uses semantic labels only for features found in the query image but not for
the 3D points in the model. By associating labels also with the points in the model (which could be done

3The computational effort required to determine the labels is independent of the size of the 3D model. As we consider larger
models, the number of required descriptor comparisons grows linearly in the number of 3D points. Thus, we can expect that
correspondence search will become the dominant cost factor at some point. Yet, based on our results it is questionable if using
semantic filtering will improve the run-times as the majority of features found in a query image passes the filtering stage

4In contrast to the query image used in our experiments, we can expect to find more movable objects in the images taken by
the V-Charge car. At the same time, the cameras used by the car cover a much wider field of view, i.e., the fraction of features
found on movable objects should not vary much compared to our experiments.
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Figure 4: (a), (b) The cumulative distribution of run-times for the query images from the Aachen dataset that
can be localized with and without semantic filtering, respectively. The blue curve denotes the cumulative
distribution over the time required to assign each query feature to its closest visual word. The red curve
denotes the run-time distribution for computing the visual word assignments and computing the 2D-3D
matches. Similarly, the green and black curves are obtained by also considering the time required for pose
estimation and semantic filtering. (c¢), (d) The same plots for the Vienna dataset.
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Figure 5: Histograms over the fraction of 3D-to-2D descriptor comparisons among all descriptor comparisons
with and without using semantic feature filtering for (a) Aachen and (b). Using semantic labels to filter
out features decreases the costs for 3D-to-2D matching. As a result, more 3D point-to-2D feature descriptor
comparisons are performed when using semantic filtering.

in an offline step) would allow us to avoid comparing a feature and a 3D point that belong to different
object categories, e.g., building and tree, thus reducing the number of required descriptor comparisons and
decreasing the overall run-times. However, descriptors extracted from different categories are usually rather
different from each other, i.e., we could probably achieve the same result by using a fine grained clustering of
the descriptor space, at least when using only broad categories such as 'building’, tree’, and 'road’. Semantic
labels might be more powerful when using more fine grained categories. However, the scenes encountered in
the V-Charge project, indoor parking decks and outdoor parking lots, usually contain only a limited amount
of different types of objects.

Based on our results and the discussion above, we conclude that the use of semantic labels does not improve
localisation efficiency significantly enough to make further research in this direction worthwhile.

2.3 Using Semantically Annotated 3D Models

As we consider 3D models depicting larger and larger scenes, the distance between the descriptor dy of a
query feature f and its second nearest neighboring point descriptor d, decreases since more and more locally
similar structures are contained in unrelated parts of the scene [3]. Consequently, Lowe’s ratio test employed
to reject wrong and ambiguous matches (cf. Eqn. 1) will reject more and more correct matches [3,5]. In order
to distinguish between locally similar structures found in different parts of the model, we thus need to take
some sort of global context into account. Notice that using generic semantic labels, i.e., labels distinguishing
between buildings and trees, windows and walls, is not sufficient as they do not distinguish between locally
similar structures. At the same time, fine-grained semantic labels, e.g., differentiating between different
building elements such as windows, doors, and balconies, or between different types of objects in the scene
such as traffic signs, also cannot be used to solve this problem since the ambiguities arise from similar scene
structures such as nearly identical windows. Notice that the problems caused by Lowe’s ratio test are also
prevalent for scenes containing many similar and repetitive structures, such as the indoor parking decks
considered in the V-Charge project. Preventing ambiguous matches is thus a very important problem for
the project.
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During the reconstruction process, Structure-from-Motion and SLAM approaches start by matching features
between images in order to establish 2D-2D matches, which in turn are used to recover the relative motion
between the cameras. As in the localisation method discussed in Sec. 2.1, Lowe’s ratio test is used to reject
wrong matches. Thus, it is reasonable to assume that most ambiguous 2D-3D correspondences come from
similar structures found in different parts of the scene instead from similarities occurring in the same part of
the scene, e.g., the same building facade. We can thus easily prevent the ratio test from rejecting more and
more correct matches for larger scenes or models containing many repetitive scene structures by matching
the features found in a query image only against the points belonging to the structures depicted in the image
instead of the whole model. In Sec. 2.3.1, we thus describe how to segment the 3D model into individual
structures. Given information about the scene parts depicted in the query image, we show in Sec. 2.3.2 that
matching only against the visible structures enables us to localize more images than standard localisation
approaches matching against the whole model. In this report, we aim at detecting scene structures on a
building block level. However, the proposed segmentation method should generalize well as long as the
desired structures are spatially separated.

2.3.1 Detecting Blocks of Buildings

Ideally, we would like to match the image features against the individual buildings. However, it is hard
to segment out an individual building when it directly borders on the next buildings. Instead, we aim at
identifying blocks of adjoint structures. Since our models are geo-registered, they are aligned such that the
buildings are orthogonal to the known ground plane. We thus project all 3D points in our Structure-from-
Motion models into the ground plane. Grouping these points into connected components then yields exactly
the blocks of buildings we are interested in.

Since the 3D models obtained through Structure-from-Motion are sparse point clouds, we need to quantize
our ground plane in order to be able to detect connected components. We use a regular grid of squares
of side length 0.5m to obtain this quantization and count the number of points projected into each cell.
Due to errors and inaccuracies in the reconstruction process, Structure-from-Motion point clouds often
contain outlier points. To avoid connecting separate structures through such outliers, we only consider cells
containing at least 10 points. Similarly, we are only interested in buildings and would like to ignore smaller
structures. Thus, we also ignore all cells whose associated 3D points have a maximal height difference of less
than 1m. We use the remaining cells to find connected components, where two cells are considered connected
if one cell is among the eight neighboring cells of the other. Finally, we only keep connected components if
they consisting of at least 200 points (over all cells) as we are only interested in larger structures such as
buildings and statues. Fig. 6 shows the result of this segmentation procedure for the Aachen model, where
each detected building block is depicted using a unique color.

2.3.2 Experimental Evaluation

In order to show that matching against the blocks of buildings obtained using the segmentation method
described above enables us to localize more images and handle the problems caused by Lowe’s ratio test, we
consider the 47 query images from the Aachen dataset that could not be localized using the method from [5]
without semantic filtering. Using the building labels shown in Fig. 6(b), we manually label the regions in the
query images according to the blocks of buildings that are visible in the images. For each feature found in
such a region, we exhaustively compare its descriptor against the descriptors of the 3D points belonging to
the corresponding building block. After determining the two distinct 3D points belonging to the two nearest
neighboring descriptors, we again apply Lowe’s ratio test. The remaining 2D-3D correspondences are again
used for RANSAC-based pose estimation. We consider a query image to be successfully localized if the pose
found by RANSAC has at least 12 inliers.
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(a) (b)

Figure 6: (a) Top-down view of the Aachen model. (b) Building labeling obtained by projecting the 3D
points of the Aachen model into the ground plane and detecting connected components. Each of the 48
detected buildings is marked in an individual color.

Out of the 47 query images that could not be localized using [5] without semantic filtering, the method
described above was able to localize the 22 images depicted in Fig. 7 and Fig. 8, i.e., it was able to register
46.8% of the images that could not be localized before. This clearly shows that segmenting the 3D model
into building blocks and matching against individual parts of the point cloud instead of all points improves
localisation effectiveness and allows us to better handle 2D-3D matches that were previously rejected by as
too ambiguous by Lowe’s ratio. Looking at the query images that still could not be localized, shown in
Fig. 9 and Fig. 10, we notice that they were either taken under extreme lighting conditions (all database
images were taken during the day), have only little overlap with the scene parts covered by the 3D model, or
show the buildings from viewpoints that differ strongly from the viewpoints from which the database images
were taken. In all of these cases, the missing invariance of the SIFT detector and descriptor to viewpoint
and illumination changes makes it hard to find enough correct matches to facilitate pose estimation, i.e.,
Lowe’s ratio test did not cause the localisation method to fail to register these images. We expect that using
descriptors and detectors that can handle the above mentioned image defects would allow us to register at
least some of these query images.

2.3.3 Discussion

The results from Sec. 2.3.2 clearly demonstrate that current state-of-the-art localisation methods do not
harness the full potential of local descriptors as they have problems handling ambiguities caused by locally
similar scene structures found in unrelated parts of the scene. Using semantic information in the 3D map
allows us to properly handle this ambiguities under the assumption that we have a classifier that can associate
regions in the query image with their corresponding parts in the model.

In order to demonstrate that semantic information can improve the effectiveness of image-based localisation
methods and to avoid possible misclassifications, we manually labeled the query images. However, we would
need to obtain the labels automatically for our approach to be of practical use, i.e., we would need to train a
classifier that distinguishes between different blocks of buildings. Unlike the approach discussed in Sec. 2.2,
where we were able to train a classifier on a single dataset and re-use it for all other datasets, we would need
to train separate classifiers for each new model or when we enlarge the reconstruction. This requires us to
obtain a ground truth labeling for a set of training images from which the classifier can be learned. Obviously,
manually creating this ground truth labeling is infeasible as manually labeling the 47 query images used in
Sec. 2.3.2 already took nearly a day. We could project the 3D points from the segmented point cloud into
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Figure 7: The first 12 of the 22 query images from the Aachen dataset that can be localized when matching
against the individual building blocks depicted in the images but not using the method from [5]. The semantic
segmentation of the query images were obtained by hand. The colors in the semantic images correspond to
those from Fig. 6, while regions not depicting any building block are colored in black.
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Figure 8: The last 10 of the 22 query images from the Aachen dataset that can be localized when matching
against the individual building blocks depicted in the images but not using the method from [5]. The semantic
segmentation of the query images were obtained by hand. The colors in the semantic images correspond to
those from Fig. 6, while regions not depicting any building block are colored in black.
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Figure 9: The first 12 of the 25 query images from the Aachen dataset that could not be localized with
neither the method from [5] nor when matching against the individual building blocks.
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Figure 10: The last 13 of the 25 query images from the Aachen dataset that could not be localized with
neither the method from [5] nor when matching against the individual building blocks.
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the training images to obtain information about which regions in the training images correspond to which
building blocks. However, this approach has two problems: First, the 3D point cloud is sparse, i.e., we would
not obtain a continuous labeling in the training images but only gain information about discrete regions,
which complicates the training of the classifiers. Second, projecting the points into images does not take
occlusions caused by objects not covered by the model into account, e.g., persons or trees in front of a building
might be ignored and their corresponding image regions would wrongly be labeled as belonging to one of
the building blocks. We should be able to rely on the joint reconstruction and class segmentation approach
from [6] (cf. Appendix B) that simultaneously generates a dense reconstruction of the scene together with a
semantic labeling. The resulting model and its labels could be projected into the database images in order
to handle to problem of occlusions. At the same time, we can easily transfer the labels from the sparse to
the dense model since both models reside in the same coordinate system. We can then directly transfer the
labels into the image regions obtained by projecting the dense model, enabling us to automatically generate
labeled training images from which we can learn the semantic classifiers.

A central remaining question is whether we are actually able to learn discriminative classifiers once we have
obtained labeled training images, i.e., whether the classifiers are actually able to distinguish between the
different building blocks. For scenes such as those depicted in the Aachen and Vienna models, we expect
that this is indeed possible since they contain rather unique buildings. However, for scenes containing mostly
repetitive or even identical structures, as is the case in many indoor parking decks, it is very unlikely that
the classifiers would be able to distinguish between these extremely similar structures. As these ambiguities
are again caused by repetitive elements, we conclude that it would be better to directly handle repetitive and
identical scene structures in a principled manner instead of trying to learn semantic classifiers. For future
work, we will thus investigate principled approaches to handle ambiguous feature descriptors.

2.4 Conclusion

In this part of the report, we have considered ways to integrate semantic information into a state-of-the-
art image-based localisation pipeline in order to obtain novel localisation approaches based on the ideas
presented in Deliverable D2.2. We have investigated whether we can use semantic labels computed for a
query image to filter out features found in regions that depict objects that are not included in the 3D scene
model such as cars or pedestrians. While we succeeded in detecting and removing them, we observed that
there is only a very slight improvement in efficiency that can be gained. This is due to the fact that only
a small fraction of features is actually found on such objects. At the same time, removing features changes
some of the characteristics of the localisation algorithm and introduces additional overhead that cancels out
the positive effects of considering fewer features. While we believe that we can use semantics to reduce
localisation times by tuning the localisation algorithms, the maximum speed-up that can be gained does not
seem large enough to justify the required effort.

In the second part of this section, we have demonstrated that we can use global semantic information to
handle normally ambiguous matches caused by repetitive scene elements, resulting in a significant gain in
effectiveness. This gain was possible by using semantic image labels that directly associate regions in the
query image with their corresponding structures in the 3D model, thus allowing us to avoid ambiguities. Yet,
this approach will fail if the structures in the 3D model are ambiguous themselves, i.e., if we have similar or
identical objects in different parts of the model. We thus conclude that the problem of ambiguous structures
is better handled in a principled manner that explicitly takes the existence of such structures into account.
We plan to investigate such principled approaches in future work.
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Figure 11: The semantic mapping pipeline developed by UOXF.DF team. At the prepProcess level, the
image sequences are first rectified. Then, a global overhead map image of the parking lot is consistently
composed following a local ground plane assumption by using the global estimated poses and a set of
individual homographies. The resulting image is loaded from our active learning interface to detect road
mark labels (e.g. parking spots, zebra crossings). After few active learning iterations, the pixel coordinates
of the detected labels are back projected to 3D at the global reference. In parallel to the label classification,
we build a road graph by smoothing the global estimated poses. Only key pose nodes are kept in the road
a graph. The semantic map container is finally built with both topological and metric information: the
former are used to define roads, lanes and ways as set of nodes. The second relates relative transformation
between consecutive road nodes and labels relative to the road graph. The semantic map container is then
delivered for future use to aid in tasks such as parking assignment and motion planning.

3 Semantic Mapping

Autonomous vehicles operating in places like parking lots can leverage of a higher-level understanding of
the objects around them. For instance, the knowledge that there is an upcoming zebra crossing should be
taken into account in the vehicle’s current motion plan and speed. The labelling of parking spots is crucial
in not only local-parking manoeuvres but also for efficient assignment of parking spaces. Because many of
these useful semantic cues are fixed in place, it makes sense to build up reusable semantic maps of the areas
in which we want our autonomous cars to operate. Usually these maps are created manually, which offers
guarantees that are currently not available when using unsupervised machine learning classifiers. In this
deliverable we will describe the pipeline of UOXF.DF to create semantic maps automatically using active
learning for road mark (e.g parking spot) classification.

In deliverable D2.2 we showed the behaviour of general classification algorithms which offer some probability
estimation for further decision-making stages (e.g. LogitBoost, Support Vector Machines (SVM), or Gaussian
Process (GP)). In conclusion, we point out that our chosen classification framework must have to provide
reliable mechanisms to estimate meaningful uncertainties in order to create reliable maps which can be used
without fear of accidents.
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Figure 12: The overhead image builder is a semi-supervised process by which the operator can choose which
images to use manually, or use all the images for automatic overhead-image generation. Image transforma-
tions and positions are calculated using vehicle poses supplied by ETH-CVG.
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Figure 13: Overhead Image of the parking lot in Stuttgart obtained after stitching 150 images.

In our more recent works (cf. Appendix D and Appendinx E), we proposed an active learning framework
for semantic mapping in mobile robotics and demonstrated it in the context of autonomous driving. In this
framework data was selected for label disambiguation by a human supervisor using uncertainty sampling.
Intuitively, an introspective classification framework —i.e. one which moderates its predictions by an estimate
of how well it is placed to make a call in a particular situation — is particularly well suited to this task. Our
preliminary evaluation on a publicly available dataset showed that an introspective active learner asks more
informative questions compared to a more traditional non-introspective approach as simple SVM’s in terms
of learning rate.

In the work attached as Appendix F we also studied the road mark classification problem and proposed
a method which employs a unique set of geometric feature functions within a probabilistic RUSBoost and
Conditional Random Field (CRF) classification framework. This allowed us to jointly classify extracted road
markings from a set of images. Furthermore, the semantics of road scenes (pedestrian approaches and no
drive regions) was inferred based on marking classification results. Preliminary evaluation of the algorithms
was carried out on a large real-life ground truth annotated dataset acquired from an autonomous vehicle.

In order to address the V-Charge goals, in this deliverable we report evaluation results on a dataset from
experiments conducted in the BOSCH parking house located in Stuttgart. By following a similar idea as in
Appendices D, E, the classification back-end employed for this V-Charge task relies on a SVM-based active
learning approach. Due to the lack of road marks in the place, our results are focused on the classification of
parking spots. Nonetheless, our approach can extrapolate to most general and richer scenarios with multiple
labels. In the following subsections we provide details of the semantic map pipeline shown in Fig. 11.

3.1 Global Overhead Map Image

Similar to [20], our semantic mapping approach receives as input a sequence of n images collected during
navigation at the parking lot with their corresponding estimated camera poses Twci € SE3, i : 1---n
delivered by the ETH-ASL group. All the images are rectified using a look-up table considering a fish-eye
camera distortion model. For each camera (left, right, front), a top virtual camera 7 is created w.r.t the
vehicle frame. At each frame k, a local ground plane is assumed to calculate an homography Hc, 7 that
projects images from a particular camera on the corresponding image plane of the virtual camera. Given
the global estimated poses, we calculate the set of homographies Heg, _,k to sequentially stitching images
yielding a global panorama image P. This process is illustrated in Fig. 12. As final refinement, we perform
a linear blending on the stitched images. Figure 13 shows the final result from a composition of 150 images.
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Figure 14: The active learning GUI, starting with a totally unlabeled image and a classifier which knows
nothing, and ending with a completely labelled image and an excellent classifier (> 95% precision), which
can then be used on other parking lots. At each round, the classifier learns using the green (parking space)
and red (not parking space) boxes, and returns a set of hypothesis boxes in yellow. The user can then label
any number of yellow boxes as correct (green) or incorrect (red) and click on “Learn” for re-training. Only
10 parking spaces were hand-drawn by the user over the course of the process.
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Figure 15: Road Graph obtained after recursive pruning of a graph with high connectivity. First, second
and third column, sequential output of the algorithm. Forth column, final solution. Red points correspond
to nodes that belong to intersections.

3.2 Active Learning for Label Classification

We have the option of manually labeling all the parking spaces in the overhead image in Figure 13, but that
would be time-consuming, and every time we have a new parking lot we would have to re-label it, regardless
of how similar it is to previously labelled parking lots. Instead, it is much more efficient to use machine
learning. However, traditional classification requires the use of an extensive (> 200 images) repository of
ground-truth labelled images for training, which in turn would have to be hand-labelled, so that doesn’t solve
the problem. That is why we employ active learning, a process which the human seeds with a handful of
hand-labelled examples, and then the classifier chooses likely options for parking spaces, which are corrected
or accepted by the human (which is easier than drawing them by hand) and then the process is repeated,
iteratively improving the classifier.

In Figure 14 we have applied this process to the task of detecting parking spaces in the overhead image,
and already by the 6th iteration we have a precision of > 95%, which exceeds the stipulated level of 80%
in the description of work. This was done with a total of 10 hand-drawn parking spaces, followed by the
human operator accepting (green boxes) or rejecting (red boxes) the hypotheses (yellow boxes) for locations
of parking spaces offered by the classifier. While we have used active learning for detecting parking spaces
in this example, it can be used for a very wide variety of applications.

3.3 Consistent Road Graph creation

We address the problem of building road graphs from a given trajectory with thousands of poses as an
alternative solution to image-based road detection when there is not sufficient visual information available
about lane marks. We propose a technique that prunes cliques from a graph with high connectivity. Figure 15
shows the sequential output of our algorithm until convergence. First, we create a fully connected undirected
graph G(E,V) by traversing the pose-chain. Since we want to maintain the locality between nodes, all
possible connections with nodes which distance is grater than a matched distance radius are rejected. Second,
we recursively prune all maximal cliques in the graph, a clique that cannot be extended by including one
more adjacent nodes. The solution of this approach is a road graph which consists of hundreds of pose
nodes clustered as segments of smooth paths. Notice that this intrinsically corresponds to the definition of
lanes. Also, the inner nature of the algorithm allows us to obtain minimum cliques that corresponds to the
definition of road intersections. Figure 15 fourth column, shows the final road graph for the BOSCH parking
lot.
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Figure 16: Example of the Semantic Map representation for a road with a single lane. Provided an
estimated trajectory and the observations of a road/lane, we first create nodes for each vehicle frame and
observation. Our relative map uses metric edges in three cases: to connect two consecutive vehicle pose
nodes, roadlane consecutive nodes and between vehicle and road/lane nodes. We create topological edges to
connect the nodes defining a lane (this assumption is consistent for any lane detection approach as a lane
can be observed in different frames). That way, we can perform further improvements of the accuracy of
the original map: the positions of the nodes representing the lane will just move accordingly, and no metric
inconsistencies are introduced.
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Figure 17: Final Semantic Map of BOSCH parking lot at Stuttgart. Top, projected labels onto the current
camera frames. Bottom, representation in global coordinates of semantic map objects: Road graph (green
trajectory), parking spots (blue rectangles), pedestrian crossings (magenta lines), road arrows (red lines),
intersections (blue circles).

3.4 Semantic Map Structure

The detected labels along with the road graph are represented within a semantic map structure designed to
fulfill the V-Charge specifications. Due to the nature of this information, we combine both topological and
metric mapping graph concepts. Instead of a “global map” we adopt a “relative map” representation. We
believe that relative frameworks are suitable in the sense that they allow adaptive pose relaxation, do not
have to be globally consistent, and are stable for large scale maps.

Our structure considers three main elements contained in the semantic map: nodes, metric edges, and
topological edges. A metric edge connects two nodes together with a transform T' € SE3. These are used for
relating two vehicle position nodes, or a parking spot label relative to the nearest pose nodes. In contrast,
a topological edge has no metric information but can also connect several nodes to define high level objects
(lanes, ways, roads). These are used for example to represent lanes, which comprise a list of topological
edges. The diagram in Fig. 16 shows an example of how the three would be used together as the car drives
through an area and makes observations.

3.5 Usability of the Semantic Map

Despite tasks as the parking spot assignment and the local parking planner can be carried out during real
execution, it requires a consistent mechanism to use labels from the semantic map at the current vehicle pose
during a different navigation experience at the parking lot. Also, using the semantic map for motion aid
requires the annotation of the map with statistics which can be made possible through a density estimation
technique to learn a distribution from exemplar data.
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Figure 18: Transfer of parking spots from an apriori semantic map to an independent dataset with 40000
image pairs. (a) 3800 pair images were used to geometrically test the consistency of the transfer. Green line,
trajectory of the apriori semantic map. Red line, registered images from the independent dataset (~20000
poses). Red solid line, positions in which we succeed to transferring the labels. (b) Projected labels on
images under illumination changes. (c¢) Projected labels when the vehicle is turning along the road graph.

3.5.1 Transfer of Semantic map labels to different maps

In collaboration with both the VW and ASL ETH teams, we are currently developing an approach that
registers each image frame from an independent dataset of the parking lot to transfer labels from the current
semantic map of the parking lot. Each new registered frame is represented also relative to the road graph.
For each new pose, we search for the parking spots by projecting them in the corresponding camera image
and keep only those that falls into the camera field of view. Figure 18 shows the results of the transfer of
labels on a dataset consisting of 20000 left-right image pairs. In order to test the consistency of the transfer,
we use 20% of the sequence (a subset of 3800 image pairs) corresponding to part of the trajectory when the
car was navigating inside the parking lot.

3.5.2 Annotation of Semantic Map to aid motion planning

The semantic knowledge about various objects in the map, such as pedestrians, can be used to estimate
sensible vehicle speeds given a position in the map. We envisage a system by which vehicles drive through
the parking lot, and as they detect pedestrians, a semantic map is updated with the positions of those
pedestrians. Driving through areas where pedestrians are seen more frequently prompts a change in behavior
in the car, most simply a reduction in driving speed.
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(a) The prior probabilities of a pedestrian (b) The resulting speed map

Figure 19: Using the semantic map and some prior probabilities of a pedestrian occupying lanes, pedestrian
crossings or parking spaces in order to generate a speed map. 19(a) shows the prior probabilities, and 19(b)
shows the resulting suggested vehicle speed profile.

We have provided a speed map based on the prior estimations of the probability of a pedestrian occupying
various types of space (see Figure 19(a)), such as pedestrian crossings, parking spaces, driving lanes, etc.
Using this we produce a speed map of the parking lot, calculating the recommended speed with the formula

recommended speed = v, X p(pedestrian) + v,, X (1 — p(pedestrian))7 (4)

where v, is the careful driving speed (we set this to be 5kph) and v,, is the normal driving speed (we set this
to be 20kph). This map (see Figure 19(b)) can be used for driving in its present form.

3.6 Conclusion

For an specific task as autonomous parking, the V-Charge car could exploit the availability of our apriori
semantic map of the environment since it has useful global and local information of parking spaces. Also
we have shown how these tasks can leverage of information of other labels such as zebra crossings where the
presence of pedestrians is more likely, such that the vehicle can be advised with recommendable speed limits.
Moreover, the map can provide a road graph description useful for global/local trajectory planning. We have
presented in this report the semantic mapping approach that uses consistent metric information to generate
parking spot labels and a road graph with the v-charge specifications. We have developed the mechanisms
that are required to facilitate the integration of the semantic map structure into the aforementioned tasks.

4 Conclusion

As can be seen from the reports attached to this document, Work Package 2 of the V-Charge project is well
on track with its scientific, engineering, and with partial integration goals at the time of writing.
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Abstract— A potential loop-closure image pair passes the
geometric verification test if the number of inliers from the
computation of the geometric constraint with RANSAC exceed
a pre-defined threshold. The choice of the threshold is critical
to the success of identifying the correct loop-closure image
pairs. However, the value for this threshold often varies for
different datasets and is chosen empirically. In this paper, we
propose an unsupervised method that learns the threshold for
geometric verification directly from the observed inlier counts
of all the potential loop-closure image pairs. We model the
distributions of the inlier counts from all the potential loop-
closure image pairs with a two components Log-Normal mixture
model - one component represents the state of non loop-closure
and the other represents the state of loop-closure, and learn
the parameters with the Expectation-Maximization algorithm.
The intersection of the Log-Normal mixture distributions is the
optimal threshold for geometric verification, i.e. the threshold
that gives the minimum false positive and negative loop-
closures. Our algorithm degenerates when there are too few
or no loop-closures and we propose the x? test to detect this
degeneracy. We verify our proposed method with several large-
scale datasets collected from both the multi-camera setup and
stereo camera.

I. INTRODUCTION

Loop-closure for Simultaneous Localization and Mapping
(SLAM) refers to the problem of detecting whether the robot
at its current location sees a previously visited location and
the computation of the geometric constraint that relates these
two locations. In the recent years, many works [1]-[5] have
demonstrated the effectiveness of using a camera to do place
recognition for loop-closure detection. These works made
used of the vocabulary-tree [6] that consists of the training
and query phases. In the training phase, the vocabulary-tree
is trained offline with image features such as the SURF [7]
extracted from a given set of training images. In the query
phase, a database is built from the unique IDs assigned to
the query images and the extracted image features according
to the pre-trained vocabulary-tree in the form of an inverted
file for efficient retrieval. The database is queried with the
image features extracted from the current query image and
the output is the image ID from the database with the highest
similarity score. The current query image and the image from
the database with the highest similarity score form a potential
loop-closure image pair.

The selection of the potential loop-closure image pair with
the vocabulary-tree is purely based on the appearance sim-
ilarity between the images and does not take the geometric
relation between the images into account. As a result, an
additional step of geometric verification is taken to determine

5

Frequency
8 8

0.4 05 0.6 0.7

Normalized Inlier Count

(a)

IS

—— Non Loop-Closure
= Loop-Closure

w
2]
T

[}
T
1

25| A

Threshold to be learned

Probability Density
-

o
o

o

H 1
0.1 0.2 0.3 0.4 0.5 0.6
Normalized Inlier Counts

(b)

T T
[l Non Loop-Closure
[l Loop-Closure

Frequency
|

0.3 04 0.5 0.6

Normalized Inlier Count

©

Fig. 1. (a) An example distribution of the all the inlier count from the
geometric verifications. (b) Two components Log-Normal mixture model
and geometric verification threshold learned from the inlier counts. (c)
GPS/INS ground truth distribution of the loop-closure and non loop-closure
inlier counts.

the correctness of each potential loop-closure image pair.
Geometric verification refers to the process of checking the
consistency of the feature correspondences between the im-
age pairs. This is achieved by counting the number of inliers
from the computation of the geometric constraint between
each potential loop-closure image pair with RANSAC [8].
The S-point [9] and 8-point [10] algorithms are commonly
used to compute the geometric constraint between an image
pair from a monocular camera. Similarly, the absolute ori-
entation algorithm [11] is used for stereo cameras, and the
3-point [5] and pose estimation [12] algorithms for multi-
camera setups. A potential loop-closure image pair with the



number of inliers from the geometric constraint computation
exceeding a pre-defined threshold is selected as the loop-
closure image pair. The choice for this threshold is critical
to the success of identifying the correct loop-closures. A
threshold which is too high results in missing out many
correct loop-closure image pairs while a threshold which is
too low results in many false positives. However, there is no
fixed value for this threshold as it often varies with different
datasets. The value for the threshold is also unknown and
has been chosen empirically in the existing works for visual-
based loop-closures [1]-[5].

In this paper, we propose an unsupervised method that
learns the threshold for geometric verification directly from
the observed geometric verification inlier counts for all
the potential loop-closure image pairs. We observed that
the inlier counts from all the potential loop-closure image
pairs, normalized with the maximum inlier count, can be
approximated with a two components Log-Normal mixture
distribution. An example of the distribution is shown in
Figure 1(a). Each component represents the state of loop-
closure or non loop-closure. The normalized inlier counts
are the observed variables and we use the Expectation-
Maximization (EM) algorithm to learn the hidden variables
representing the parameters of the mixture model, and the
latent variables representing the state of loop-closure or non
loop-closure. The intersection of the Log-Normal mixture
distributions is the optimal threshold for geometric verifica-
tion, i.e. the threshold that gives the minimum false positive
and negative loop-closures. Figure 1(b) shows an example of
the learned model and Figure 1(c) shows the ground truth
from GPS/INS. Our algorithm degenerates when there are
too few or no loop-closures and we propose the x? test to
detect this degeneracy. We verify our proposed method with
several large-scale datasets collected from both the multi-
camera setup and stereo camera.

II. UNSUPERVISED LEARNING OF THE THRESHOLD

Let us denote the robot poses as X = [z1,Ta, ..., 74T
and the N potential loop-closure pose pairs as X =
[..{xi,zj}n, ., {@i,x;}n]. The potential loop-closure
pose pairs X" are the pose pairs with the most similar image
pairs detected by the vocabulary-tree, i.e. {z;, z;}, is the n'"
pose pair where the query image taken at x; is most similar
to the image at x; from the vocabulary-tree database. Let
L =1,ls,...,In] where [, € {0,1} denote the actual loop-
closure state, i.e. [, = 1 if the correspondence loop-closure
robot pose pair {z;, z; },, is truly a loop-closure pair and vice
versa. We further let V' = [v1,v9,...,un] denote the inlier
counts from the geometric verification of all the potential
loop-closure image pairs. Each of the value v,, is normalized
with the maximum value from V, ie. V = #(V) The
normalization step makes it easier to model the distribution
of the inlier counts since it is now within the range of 0 to
1.

A. Learning Mixture Model Parameters with EM
Assuming that each v,, is drawn independently, we can
write the joint probability distribution of L and V as a two

o
L

Fig. 2. Graphical model representing the threshold learning problem.

components Log-Normal mixture model given by

N 2
p(V, L\, %, 7) = H Wklnj\/ (On|pr, Zp)) e (1)

where p = [p1, 2], & = [21,22] and m = [my, o] are the
means, standard deviations and mixing coefficients of the
Log-Normal mixture model. Note that the mixing coefficients
must sum to 1, i.e. m; +m2 = 1. Figure 2 show the graphical
model that represents the joint probability p(V, L|u, X, )
where V' is the observed variable, L is the latent variable
and p, ¥ and 7 are the hidden variables. We shall denote
the hidden variables jointly as ¢ = [p, X, 7]. The task is to
find the hidden variables ¢ that maximizes the log likelihood
Inp(V|¢) given as

argmax Inp(V|¢) = argmaxIn{) "p(V,L|¢)} ()
¢ ¢ T

which involves marginalizing out the latent variable L. One
way to find the maximum likelihood in Equation 2 is by using
the EM algorithm which iterates between the Expectation and
Maximization steps. In the Expectation step, the posterior
distribution p(L|V,¢’) is computed based on the hidden
variables ¢’ computed from the previous Maximization step.
The posterior p(L|V, ¢') is a N x 2 matrix with each entry
given by 7(L,, ), where n =1,2,..,N and k =1, 2.

Wkln./\/ Un ,U,]ﬁEk

:p(Ln,k|Unv¢/) = 2 ( ‘ )
Zj:l len/\/(vnmj, EJ)

The posterior probability 7 (L, ;) is used to evaluate the

expectation of the log likelihood of the joint probability

p(V; L|¢) given by

Q(¢,¢') = Zp(L\v, ¢') Inp(V, L|9)

T(Lnk)

3)

N 2
ZZT n,k {lnwk—&—lnln/\f(vn\uk,ﬂk)}
B )

In the Maximization step, we compute the current values of
the hidden variable ¢ by maximizing the expectation from
Equation 4.

arglglaX Q8,9 &)

The Maximization step given by Equation 5 can be ex-
pressed in closed-form by setting the partial differentiation
of Q(¢, ') with respect to the individual variables in ¢ to
0 and enforcing the constraint of 71 + m5 = 1. This gives
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The EM steps are iterated until convergence, i.e. there is
minimal or no more changes to the hidden variables iy, X
and 7.

B. Solving for the Threshold

The parameters of the two components Log-Normal mix-
ture distribution which we have solved with the EM al-
gorithm models the distributions of the inlier counts from
the non loop-closure and loop-closure image pairs. The
intersection point vy of the two Log-Normal distributions
defines the point where v, < v is the region with a
higher probability of non loop-closure, i.e. [,, = 0. Similarly,
v, > v defines the region with a higher probability of loop-
closure, i.e. [,, = 1. We solve for the threshold vy by finding
the root of the difference in the two Log-Normal distributions

f) =mnN (v|pg, X1) — molnN (v|pe, Xo) =0 (7)

Since f(v) is a non-linear function, we solve for the root
with the Brent’s method [13] which by default uses the less
robust but faster Secant method to iteratively search for the
root and fall back to the slower but more robust Bisection
method if needed. Finally, we compute the threshold for
geometric verification as Tgy = max(V)vr after denor-
malization.

C. Degenerated Case

Our algorithm for unsupervised learning of the threshold
for geometric verification degenerates when there is too few
or no loop-closures. In this case, there is only one dominant
Log-Normal distribution from the non-loop closure inlier
counts. The EM algorithm would not be able to detect the
missing Log-Normal distribution that represents the loop-
closure in the degenerated case. We propose to detect the
degeneracy by performing the 2 test on the optimization
results after SLAM optimization. Intuitively, a degenerated
case includes wrong loop-closure constraints which causes
wrong convergence in the optimization. As a result, the total
Mahalanobis distance D? after optimization is high and will
fail the x? test.

A popular approach to perform the optimization with
the loop-closure constraints is the pose-graph SLAM which
represents the SLAM problem as a graph. The pose-graph
SLAM optimization minimizes the errors between the pre-
dicted poses X = [z1,..,%,...x ,...x¢]T rtepresented by
the vertices and the K set of measured constraints Z =
..., 2ij, ...]T represented by the edges given by

: 2
argmin Z 21,5 — (@i, 2)[5, (8)
Kedist

where h(.) is the function which computes the relative
transformation between two given poses z; and x;, and Q); ;
is the error covariance of the measurement z; ;. The total
Mahalanobis distance D? of the optimized poses X* =
(21, @7, T, ...xf]T which reflects the “goodness-of-fit”
is given by

D*= % Iz = hlal, 7)., ©)
Ke{is}

We compare the Mahalanobis distance D? with the critical
value XQ,C,a of the x? distribution where K is the degree
of freedom which is equal to the number of measured
constraints, and « is the significance level, i.e. there is a
probability of o that D? would be greater than the critical
value X;QQQ by chance. « is usually set at 0.05 or 0.025.
A degenerated case is detected when the total Mahalanobis
distance is higher than the critical value, i.e. D? > XQ,Q o
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Fig. 3. [Initial two components Log-Normal mixture distribution.

Algorithm 1 shows the pseudo-code of our algorithm for
unsupervised learning of the threshold for geometric verifi-
cation. The input is the inlier counts V' = [vq,va,...,VN]
from all the potential loop-closure image pairs generated
by the vocabulary-tree. The output is the threshold Tgv
for geometric verification. Line 2 normalizes V' with its
maximum value so that the values lie in the range of O to 1.
Line 4 initializes the parameters ¢ from the two components
Log-Normal mixture distribution. The mixing coefficients 7
are initialized to 0.5 which give the two components of the
Log-Normal distribution equal weights. Figure 3 shows the
initial Log-Normal mixture distribution with means p =
[—2,1] and standard deviations ¥ = [1,1]. The non loop-
closure Log-Normal distribution has a high peak at 0.05 and
a long tail with values close to 0. In comparison, the loop-
closure Log-Normal distribution is distributed more evenly
with lower values near the peak and higher values at the tail
region. We chose this initial distribution that is close to the
final solutions, where there is always a higher occurrence
of low inlier counts which are non loop-closure and higher
occurrence of high inlier counts which are loop-closure.

Lines 7 to 31 are the EM loop which terminates when
the change in ¢ is small. Lines 10 to 20 are the Expectation



Algorithm 1 Unsupervised Learning of Threshold for Geo-
metric Verification.
Require: Inlier counts V' = [v1, v, ...
potential loop-closure image pairs.
Ensure: Threshold for geometric verification Ty .
1: // Normalize inlier count list
2 V= ma‘w/(V);
3: /[ Parameters initialization
4 p=1[-2.0,1.0]; ¥ =[1.0,1.0}; # = [0.5,0.5];
5 ¢ = [,U,E,’]T]; ¢ =0;
6: // EM algorithm
7
8
9

,un] from all the

: while |¢/ — ¢| > § do
¢ = ¢;
/I Expectation step, Equation 3
10 forn=1to N do

11: /I Compute denominator of Equation 3

12: Z, =0;

13: for j =1to 2 do

14: Zp= 2+ —— eXp(—i(ln(U”),_“;)z)'
n n UnZ}m 22]2 ’

15: end for

16: for Kk =1to 2 do

17: // Compute posterior probability 7 (L, kg)

18: T(n. k) = 5 S5 oxp(— ),

19: end for

20:  end for

21:  // Maximization step, Equation 6

22: for k=1to 2 do

23: pr =0; 3 =0; m, =0;

24: forn=1to N do

25: e = s + T (n, k) In(vy);

26: Y =Xk + T(n,k)(In(vy,) — pr)?;

27: 7rk:7rk—|—’7'(n,k);

28: end for

290 =BT = 2w = TE

30: end for

31: end while

32: Solve for the root vy in Equation 7.

33: Tgy = max(V)vr; // Denormalization
34: return Tgy;

step where the posterior distribution 7 (L,, ;) is computed,
and Lines 22 to 30 are the Maximization step where the
parameter ¢ is updated. Line 32 solves for the intersection
of the two Log-Normal distributions and Line 33 does
denormalization to compute the threshold Ty .

III. RESULTS

We verify our proposed algorithm with several large-scale
real-world datasets - two datasets from a multi-camera setup
and one dataset from a stereo camera. We chose the multi-
camera and stereo setups because these two setups allow us
to compute the loop-closure constraint with metric scale [5].
We show the x2 test results for all the three datasets. In
addition, we show an example of the degenerated case and
its detection with the x? test.

A. Multi-Camera System

Right Camera

Front Camera

-f

Fig. 4. Our car equipped with a multi-camera system with minimal
overlapping field-of-views and GPS/INS system for ground truth.
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Fig. 5. Wolfsburg dataset with a multi-camera system. (a) Distribution
of the all the inlier counts from the geometric verifications. (b) Two com-
ponents Log-Normal mixture model and geometric verification threshold
learned from the inlier counts. The threshold is 220 after denormalization.
(c) Ground truth distribution from INS/GPS.

Figure 4 shows the car platform we used to collect the
datasets. The car is equipped with four fish-eye cameras
looking front, left, rear and right with minimal overlapping
field-of-views. The car is also equipped with wheel odometry
and INS/GPS system for ground truth. The first dataset -
the Wolfsburg dataset was collected by driving the car along
public roads in Wolfsburg Germany where it is largely urban
scenes. The Wolfsburg dataset consists of a total of 13250 x4
images from a trajectory that spans across approximately
9 km forming two large closed loops. We form the pose-
graph with the wheel odometry readings. The loop-closure
candidates are found from the vocabulary-tree as mentioned
in Section I and the loop-closure constraints are computed
with the 3-point algorithm described in [5]. Similar to [5],
we maintain only one vocabulary-tree for all the cameras
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Fig. 6. Results from the Wolfsburg dataset. (a) Pose-graph from wheel odometry trajectory (red) with all the detected loop-closures (green). (b) Pose-graph
from wheel odometry (red) with the loop-closures (green) after applying the geometric verification threshold learned from our algorithm. (c) Final result
after pose-graph optimization (red) compared with the INS/GPS ground truth (blue).

from our multi-camera system. We do so by assigning unique
image IDs given by imagelD = frameID x n + cameralD,
where n is the total number of cameras in the multi-camera
system.
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Fig. 7. Carpark dataset with a multi-camera system. (a) Distribution of the
all the inlier counts from the geometric verifications. (b) Two components
Log-Normal mixture model and geometric verification threshold learned
from the inlier counts. (c) Ground truth distribution from INS/GPS.

Figure 5(a) shows the distribution of the normalized inlier
counts obtained from the computations of the geometric
constraints with the 3-point algorithm for the Wolfsburg
dataset. Figure 5(b) shows the two components Log-Normal
mixture distribution learned from the observations in Figure

5(a) with our proposed algorithm. The intersection of the
two Log-Normal distributions is found to be 0.1048, which
is 220 after denormalization. Figure 5(c) shows the ground
truth distribution from the INS/GPS. We can see that the in-
tersection of the two distributions is very close to the estimate
we have obtained from our algorithm. Figure 6(a) shows the
pose-graph from wheel odometry (red) with all the detected
loop-closures (green) from the vocabulary-tree where there
are many wrong loop-closures. Figure 6(b) shows the pose-
graph with the loop-closures after applying the geometric
verification threshold learned from our algorithm where
majority of the wrong loop-closures are removed. Figure 6(c)
shows the pose-graph (red) after optimization overlaid on the
satellite image. We apply the robust pose-graph optimization
proposed in [14] to minimize the effects of the a small
number of non-loop closures with higher inlier count than
the threshold. We compare the estimated pose-graph with
the INS/GPS ground truth (blue) where we can see that our
estimated pose-graph is sufficiently close to the ground truth.

We apply our algorithm on another dataset - the Carpark
dataset collected from the same car with the multi-camera
setup. The dataset was collected by driving the car around
a huge car park besides an office building. A total of
12000 x 4 images are collected over a trajectory that spans
across approximately 3.5 km forming 3 large and 6 nested
loops. Figure 7(a) shows the distribution of the normal-
ized inlier counts obtained from the computations of the
geometric constraints with the 3-point algorithm for the
Carpark dataset. Figure 7(b) shows the two components Log-
Normal mixture distribution learned from the observations
from Figure 7(b) with our algorithm. The intersection of
the two Log-Normal distributions is found to be 0.2168,
which is 277 after denormalization. Figure 7(c) shows the
ground truth distribution from the INS/GPS. We can see that
the intersection of the two distributions is very close to the
estimate we have obtained from our algorithm. It is important
to note that that the threshold for geometric verification for
the datasets differs slightly even though they are collected
from the same platform. This explains our approach to learn
the threshold from each dataset in a batch process for the
best results. However, it is also possible to take the most
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Fig. 8. Results from the Carpark dataset. (a) Pose-graph from wheel odometry trajectory (red) with all the detected loop-closures (green). (b) Pose-graph
from wheel odometry (red) with the loop-closures (green) after applying the geometric verification threshold learned from our algorithm. (c) Final result
after pose-graph optimization(red) compared with the INS/GPS ground truth (blue).

conservative threshold, i.e. highest threshold learned from
multiple datasets collected from the same platform and use
it for online geometric verifications.

Figure 8(a) shows the pose-graph from wheel odometry
(red) with all the detected loop-closures (green) from the
vocabulary-tree where there are many wrong loop-closures.
Figure 8(b) shows the pose-graph after applying the geomet-
ric verification threshold learned from our algorithm where
majority of the wrong loop-closures are removed. Figure
8(c) shows the final pose-graph (red) after robust pose-graph
optimization. We compare the estimated pose-graph with the
INS/GPS ground truth (blue) where we can see that our
estimated pose-graph follows the ground truth very closely.

B. Stereo Camera
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Fig. 9. New College dataset with a stereo camera. (a) Distribution of the
all the inlier counts from the geometric verifications. (b) Two components
Log-Normal mixture model and geometric verification threshold learned
from the inlier counts.

We also test our algorithm on the New College dataset
[15] which was collected with a stereo camera mounted
on a ground robot. A total of 48241 stereo frames from
a trajectory that spans across approximately 1.25 km are
used. The vocabulary-tree for visual loop-closure is formed
from the left stereo images and the loop-closure constraints
are computed from the absolute orientation algorithm [11].
Figure 9(a) shows the distribution of the distribution of the

normalized inlier counts obtained from the computations
of the geometric constraints with the absolute orientation
for the New College dataset. Note that this distribution is
similar to Figure 5(a) and 7(a) even though a different camera
setup is used. Figure 9(b) shows the two components Log-
Normal mixture distributions learned with our algorithm. The
intersection of the two Log-Normal distributions is found
to be 0.18, which is 76 after denormalization. Figure 10(a)
shows the pose-graph from stereo visual odometry [16]
(red) with all the detected loop-closures (green) from the
vocabulary-tree where there are many wrong loop-closures.
Figure 10(b) shows the pose-graph with the loop-closures
after applying the geometric verification threshold learned
from our algorithm where majority of the wrong loop-
closures are removed. Figure 10(c) shows the pose-graph
after robust robust pose-graph optimization. Although there
is no INS/GPS ground truth for the New College dataset,
we can see that the pose-graph after optimization appears
reasonable with all the deviations in the z-axis removed.

C. Degenerated Case

We show an example of the degenerated case with a
dataset collected from our car platform with the multi-camera
setup. The dataset consists of 1600 x 4 images from a
trajectory that spans across approximately 300 m forming
one loop with the starting and ending points at approximately
the same location. The small number of loop-closures means
that there is not enough information for our algorithm to
learn the threshold correctly. Figure 11(a) shows the pose-
graph from wheel odometry (red) and all the loop-closures
from the vocabulary-tree. Figure 11(b) shows the pose-graph
with the loop-closures after applying the threshold learned
from our algorithm where it is clearly visible that some
wrong loop-closures remain. Figure 11(c) shows the pose-
graph (red) after robust pose-graph optimization compared
with the ground truth (blue). The ground truth is obtained by
performing robust pose-graph optimization on the manually
chosen correct loop-closures. It can be observed that the
estimated pose-graph is slightly distorted by the wrong loop-
closures even after applying the robust optimization because
the ratio of correct to wrong loop-closures is too low.

As mentioned in Section II-C, we do the y? test to detect
the degenerated case. Table I shows the y? test results for
all the datasets at a significance level o« = 0.05. We can
see from the 2 test results that the first three datasets -



(a) (b)

Fig. 10.

(©)

Results from the New College Dataset. (a) Pose-graph from visual odometry trajectory (red) with all the detected loop-closures (green). (b)

Pose-graph from visual odometry (red) with the loop-closures (green) after applying the geometric verification threshold learned from our algorithm. (c)

Final result after pose-graph optimization.

Wolfsburg, Carpark and New College pass the x? test with
D? < x2_, o5 while the degenerated dataset fails the x? test
with D? > y2_, os.
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Fig. 11. Results from the Degenerated dataset. (a) Pose-graph from wheel

odometry trajectory (red) with all the detected loop-closures (green). (b)
Pose-graph from wheel odometry (red) with the loop-closures (green) after
applying the geometric verification threshold learned from our algorithm.
(c) Wrong convergence after pose-graph optimization(red) compared with
the ground truth (blue).

IV. CONCLUSION

The threshold for geometric verification is crucial in
identifying the correct loop-closures. However, the threshold
varies for different datasets and has been chosen empirically
in the existing works for visual-based loop-closure. We de-
scribed a method for unsupervised learning of the threshold
for geometric verification in this paper. Our method is based
on the EM algorithm which learns the threshold from the
inlier counts generated from the RANSAC computation of
the geometric constraints between all potential loop-closure
image pairs. We verified our method with multiple large-
scale datasets from both the multi-camera and stereo setups.

TABLE I
X2 TEST RESULTS FOR THE DATASETS

Dataset DOF X2 005 D?
Wolfsburg 12840 | 1.3105e+04 | 4.1249e+03
Carpark 17506 | 1.7815e+04 | 1.0325e+04
New College | 9713 | 9.9434e+03 644.7097
Degenerated 1589 1.6828e+03 | 4.8715e+03
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Abstract

Both image segmentation and dense 3D modeling from
images represent an intrinsically ill-posed problem. Strong
regularizers are therefore required to constrain the solutions
from being 'too noisy’. Unfortunately, these priors generally
vield overly smooth reconstructions and/or segmentations
in certain regions whereas they fail in other areas to con-
strain the solution sufficiently. In this paper we argue that
image segmentation and dense 3D reconstruction contribute
valuable information to each other’s task. As a consequence,
we propose a rigorous mathematical framework to formu-
late and solve a joint segmentation and dense reconstruction
problem. Image segmentations provide geometric cues about
which surface orientations are more likely to appear at a
certain location in space whereas a dense 3D reconstruction
vields a suitable regularization for the segmentation problem
by lifting the labeling from 2D images to 3D space. We show
how appearance-based cues and 3D surface orientation pri-
ors can be learned from training data and subsequently used
for class-specific regularization. Experimental results on
several real data sets highlight the advantages of our joint
formulation.

1. Introduction

Even though remarkable progress has been made in recent
years, both image segmentation and dense 3D modeling from
images remain intrinsically ill-posed problems. The standard
approach to address this ill-posedness is to regularize the
solutions by introducing a respective prior. Traditionally, the
priors enforced in image segmentation approaches are stated
entirely in the 2D image domain (e.g. a contrast-sensitive
spatial smoothness assumption), whereas priors employed
for image-based reconstruction typically yield piece-wise
smooth surfaces in 3D as their solutions. In this paper we
demonstrate that joint image segmentation and dense 3D
reconstruction is beneficial for both tasks. While the ad-

*Now at Stanford University

2Microsoft Research Cambridge, UK

chzach@microsoft.com

Figure 1: Top: Example of input image, standard image
classification result, depthmap. Bottom: Our proposed joint
optimization combines class segmentation and geometry
resulting in an accurately labeled 3D reconstruction

vantages of a joint formulation for segmentation and 3D
reconstruction have already been observed and utilized in
the literature, our main contribution is the introduction of
a rigorous mathematical framework to formulate and solve
this joint optimization task. We extend volumetric scene
reconstruction methods, which segment a volume of interest
into occupied and free-space regions, to a multi-label volu-
metric segmentation framework assigning object classes or
a free-space label to voxels. On the one hand, such a joint
approach is highly beneficial since the associated appear-
ance (and therefore a likely semantic category) of surface
elements can influence the spatial smoothness prior. Thus,
a class-specific regularizer guided by image appearances
can adaptively enforce spatial smoothness and preferred
orientations of 3D surfaces. On the other hand, densely re-
constructed models induce image segmentations which are
guaranteed to correspond only to geometrically meaningful
objects in 3D. Hence, the segmentation results are trivially
consistent across multiple images.

In a nutshell, we propose to learn appearance likelihoods
and class-specific geometry priors for surface orientations



from training data in an initial step. These data-driven priors
can then be used to define unary and pairwise potentials in
a volumetric segmentation framework, complementary to
the measured evidence acquired from depth maps. While
optimizing over the label assignment in this volume, the
image-based appearance likelihoods, depth maps from com-
putational stereo, and geometric priors interact with each
other yielding an improved dense reconstruction and label-
ing. The remainder of the paper explains each step in detail,
and our mathematical framework is verified on several chal-
lenging real-world data sets.

2. Related Work

There is a vast literature on dense 3D modeling from
images. Here we sketch only a small subset of related lit-
erature, and refer e.g. to the Middlebury MVS evaluation
page [20] for a broader survey. Given a collection of depth
images (or equivalently densely sampled oriented 3D points)
the methods proposed in [13, 27, 23] essentially utilize the
surface area as regularization prior, and obtain the final sur-
face representation indirectly via volumetric optimization.
One main difference between [13] and [27, 23] is the utiliza-
tion of a combinatorial graph-cut formulation in the former,
whereas [27, 23] employ a continuously inspired numerical
scheme. The regularization prior in these works is isotropic,
i.e. independent of the surface normal (up to the impact
of the underlying discretization), corresponding to a total
variation (TV) regularizer in the volumetric representation.
The work of [10] utilizes an anisotropic TV prior for 3D
modeling in order to enforce the consistency of the surface
normals with a given normal field, thus better preserving
high frequency details in the final reconstruction. All of the
above mentioned work on volumetric 3D modeling from
images returns solely a binary decision on the occupancy
state of a voxel. Hence, these methods are unaware of typical
class-specific geometry, such as the normals of the ground
plane pointing upwards. These methods are therefore unable
to adjust the utilized smoothness prior in an object- or class-
specific way. This observation led to the initial motivation
for the present work. More specifically, it is notoriously dif-
ficult to faithfully reconstruct weakly or indirectly observed
parts of the scene such as the ground, which is usually cap-
tured in images at very slanted angles (at least in terrestrial
image data). [9] proposes to extend an adaptive volumetric
method for surface reconstruction in order not to miss impor-
tant parts of the scene in the final geometry. The assumption
in their method is that surfaces with weak evidence are likely
to be real surfaces if adjacent to strongly observed freespace.
A key property of our work is that weakly supported scene
geometry can be assisted by a class-specific smoothness
prior.

If only a single image is considered and direct depth cues
from multiple images are not available, assigning object cat-

egories to pixels yields crucial information about the 3D
scene layout [8, 19], e.g. by exploiting the fact that building
facades are usually vertical, and ground is typically horizon-
tal. These relations are generally not manually encoded, but
extracted from training data. Such known geometric rela-
tions between object categories can also be helpful for 2D
image segmentation, e.g. by assuming a particular layout for
indoor images [ 5], a tiered layout [6] or class-specific 2D
smoothness priors [22]. Utilizing appearance-based pixel
categories and stereo cues in a joint framework was pro-
posed in [ 1] in order to improve the quality of obtained
depth maps and semantic image segmentations. In our work,
we also aim on joint estimation of 3D scene geometry and
assignment of semantic categories, but use a completely dif-
ferent problem representation—which is intrinsically using
multiple images—and solution method. [18, 2] also present
joint segmentation and 3D reconstruction methods, but the
determined segments correspond to individual objects (in
terms of an underlying smooth geometry) rather than to se-
mantic categories. Furthermore, a method [ 1] using semantic
information for dense object reconstruction in form of shape
priors has been developed concurrently to our work.

3. Joint 3D Reconstruction and Classification

In this section we describe the underlying energy for-
mulation for our proposed joint surface reconstruction and
classification framework and its motivation. Similar to pre-
vious works on global surface reconstruction we lift the
problem from an explicit surface representation to an im-
plicit volumetric one. The increased memory consumption
is compensated by the advantages of allowing arbitrary but
closed and oriented topology for the resulting surface.

3.1. Continuous Formulation

We cast the ultimate goal of semantically guided shape
reconstruction as a volumetric labeling problem, where one
out of L + 1 labels is assigned to each location z € () in a
continuous volumetric domain 2 C R3. In the following
we will use indices ¢ and j for labels. Allowed labels are
“free/empty space” (with numeric value 0) and “occupied
space” with an associated semantic category (values from
{1,...,L}). The label assignments will be encoded with
L + 1 indicator functions = : Q — [0,1],4 € {0,...,L}:
x%(2) = 1iff label i is assigned at z € €. Note that in
the following, the dependence of all quantities on the 3D
location z will be indicated with a subscript to be more
consistent with the later discrete formulation, i.e. 2°(z) = z¢.
With this notation in place, the convex relaxation of the
labeling problem in a continuous volumetric domain €2 reads
as

Eeom(x,¥) = /Q Yool D oY (yd)dz, (1)

i,j:i<]j



where y7 : Q — [-1,1]3, i € {0,...,L} with j > i
are “‘jump processes” satisfying a modified marginalization

constraint
Veal= Yyt =) @

Jig>t J:g<i

p' : Q — R encodes the local preference for a particular
label. Note that the smoothness term in Eq. 1 is an extension
of the standard length/area-based boundary regularizer to
Finsler metrics (see e.g. [16]) and the infinitesimal length
functions ¢ : R® — Ry are naturally extended from S? to
R3, rendering ¢/ a convex and positively 1-homogeneous
function. Such choice of ¢%/ generalizes the notion of total
variation to location and orientation dependent penalization
of segmentation boundaries. In addition to the marginaliza-
tion constraints in Eq. 2, the functions x* also need to satisfy
the normalization constraint, ) -, 2* = 1, and non-negativity
constraints. We refer to [25] for a detailed derivation and
theoretical interpretation of this energy. A minimizer (x,y)
induces a partition of {2 into free space and respective object
categories. The boundaries between the individual regions
form the 3D surfaces of interest.

3.2. Discretized Formulation

A disadvantage of this continuous energy formulation is
that the class of smoothness priors ¢% is restricted to metrics
under reasonable assumptions (see e.g. [12]). Consequently,
we focus our attention on discrete lattices (i.e. regular voxel
grids) as underlying domain where these restrictions do not
apply. Hence, €2 denotes a finite voxel grid with voxels
s € Q in the following. A discrete version of the continuous
energy in Eq. 1 not requiring a metric prior reads as [24]

Ege) = > (S plai+ Y i@l —21)) @
sEN [ 1,7:11<7J

subject to the following marginalization, normalization and
non-negativity constraints,

vi= Y al= Y@ )e (ke {1,2,3))
j J
zs €A, 2 >0. @)

ex, € R? denotes the k-th canonical basis vector and () is
the k-th component of its argument. The discrete marginal-
ization constraints above follow from Eq. 2 by employing
a forward finite difference scheme for the spatial gradient.
The probability simplex of appropriate dimension is denoted
by A. The variables appearing in Eq. 3 have the following
interpretation in the context of joint surface reconstruction
and segmentation tasks:

e 2% encodes whether label i (i.e. free space or one of the
solid object categories) is assigned at voxel s,

e 2 — 77" € [-1,1]3 represents the local surface orien-
tation if it is non-zero,

e p! is the unary data term encoding the measured ev-
idence, i.e. the preference of voxel s for a particular
label ¢. This data term captures the evidence from two
sources: firstly, the measurements from a set of depth
maps, and secondly, appearance-based classification
scores from the input images as obtained from previ-
ously trained classifiers. Section 4 describes in detail
how this unary term is modeled.

e Finally, ¢% is the location and direction-dependent
smoothness prior indicating the local compatibility of a
boundary between label ¢ and j. Hence, these priors en-
code the previously mentioned class-specific geometric
priors. Of highest importance is the directly observable
boundary between free space and any of the object cat-
egories. Modeling ¢%/ from training data is explained
in Section 5.

We will restrict ourselves to homogeneous priors in the fol-
lowing, i.e. the local smoothness contribution ¢% (x% — %)
does not depend on s, and the objective in Eq. 3 slightly
simplifies to

Ediscr(x) = Z(Z péxqs + Z ¢ij (x;j - xjsl)) (5)

s€eQ i i,5:9<]

The rationale behind the spatial homogeneity assumption
is that only the orientation of a boundary surface and the
affected labels are of importance, but not the precise location.

Once the values of p?, are determined and the smoothness
priors gi)ij are known, the task of inference is to return an
optimal volumetric labeling. Since we employ a convex
problem stated in Eq. 3, any convex optimization suitable
for non-smooth programs can be utilized. After introducing
Lagrange multipliers for the constraints and after biconju-
gation of the smoothness term we are able to directly apply
the primal-dual algorithm proposed in [4]. We briefly out-
line the numerical scheme used in our experiments in the
supplementary material.

4. The Ray Likelihood and Its Approximation

In this section we describe how available depth maps
(with potentially missing depth values) and appearance-
based class likelihoods are converted into respective unaries
p for joint volumetric reconstruction and classification as
described in the previous section. A completely sound graph-
ical model relating image observations with occupancy states
of 3D voxels requires observation likelihoods corresponding
to clique potentials with entire rays in 3D forming cliques
(e.g. [14]). In the following we argue that—under suitable
smoothness assumptions on the solution—we can approx-
imate the higher-order clique potentials by suitable unary



ones. We aim on factorizing the clique potential into only
unary terms such that the induced (higher-order) cost of a
particular boundary surface is approximated by the unaries.
Additionally we employ the usual assumption of indepen-
dence of observations across images. This means, that the
unary potentials described below based on color images (and
associated depth maps) are accumulated over all images to
obtain the effective unary potentials.

In the following we consider a particular pixel p in one of
the input images (respectively depth maps, since we assume
that depth images use color images as their reference views).
The pixel p induces a ray in 3D space, which leads to a
set of traversed voxels s € ray(p) and the corresponding
latent variables z? and their associated unary potentials p¢.
Recall that ¢ indexes one of the L 4 1 semantic categories
{0,1,..., L} with O corresponding to sky (i.e. free space)
and ¢ indicating object category ¢, respectively. Our task is
to (approximately) model the likelihoods

P (d(p)vle(p) ‘ {‘Ti}sEray(p)> ) (6)

where d(p) is the observed depth at pixel p (which may be
missing), and fl(p) encapsulates the local image appearance
in the neighborhood of p. Note that in terms of a graphical
model the respective potential, —log P (aAl, Al {28} scray(p))»
depends on the entire clique {s : s € ray(p)}. Clearly, for
a particular ray the likelihoods of observing d(p) and A(p)
only depend on the first crossing from freespace to occupied
space. Nevertheless, proper handling of voxel visibility links
all voxels along the ray to form a clique.

For notational convenience we will drop the dependence
on the pixel p, and also index voxels along ray(p) by their
depth with respect to the current view. We will substantially
simplify the potentials (and therefore the inference task) by
considering the following cases:

Observed depth:  This is the case when d in the depth
map is valid (i.e. not missing). In this case we assume that
Eq. 6 factorizes into

P(d, A | voxel d s first crossing to i) = P(d | d)P(A | i),

where P(d | d) captures the noise for inliers in the depth
sensing process and is usually a monotonically decreasing
function of |d — d|. P(A | i) is induced by the confidence
of an appearance-based classifier for object category 1.

We only define non-zero unaries for voxels along the ray
near the observed depth. Assume that the inlier noise of
depth estimation is bounded by §, and we denote by d+6

the voxels along the ray with distance § and —§, respectively.

We set the unary potentials

i i 0 fori =20 7
5.5 — Oclass = 3
Prs = Ocl Pa n(d—d) fori> 0.

for voxels d near the observed depth, i.e. voxels d closer
to d than . Here Oepassi = —log P(fl | ¢) (with class O
corresponding to sky). The function 7 : [-§,0] — R is
independent of the object category ¢ and reflects the noise
assumptions of d. We choose 7(d — d) = Bsgn(d — d) for
B > 0, corresponding to an exponentially distributed noise
for depth inliers. Inserting unaries only near the observed
depth corresponds to truncating the cost function, hence
we assume exponentially distributed inliers and uniformly
distributed outlier depth values. See Fig. 2 for an illustration
of unaries along the ray.

weight

Bl
™

0 ‘ surface

Oclass i
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Figure 2: Unaries assigned to voxels along a particular line-
of-sight.

Since we enforce spatial smoothness of the labeling (i.e.
multiple crossings within the narrow band near d are very
unlikely), we expect three possible configurations for voxels
in [d — 6, d + 6] described below. For each configuration we
state the contribution of unary terms for the particular ray to
the complete energy.

1. In the labeling of interest we have that free-space tran-
sitions to a particular object class ¢ at depth d. Hence,
20 = 1fors € [d—6,d) and 2% = 1 for s € [d, d + 4].
Summing the unaries according to Eq.7 over the voxels
in [d — §,d + 9] yields

Oclass i 1 Z n(d_ d/)>

d'e[d,d+5]

i.e. the negative log-likelihood of observing the appear-
ance category ¢ in the image and the one corresponding
to the depth noise assumption. Note that the second
term, » n(d — d’) will be non-positive and therefore
lower the overall energy. This beneficial term is not
appearing in the other cases below.

2. If all voxels in the particular range [d — 0, d + 0] are
freespace (acg = 1 for all the voxels in this range), then
the contribution to the total energy is just ogy. Since
a potential transition to a solid object class outside the
near band is not taken into account, this choice of unary
potentials implicitly encodes the assumption that that
freespace near the observed depth implies freespace
along the whole ray.

3. All voxels in the range are assigned to object label 7 (i.e.
zi = 1for s € [d — §,d + 4]. This means that there



was a transition from freespace to object type ¢ earlier
along the ray. Thus, the contribution to the energy is
Oclass 5 1N this case.

Overall, our choice of unaries will faithfully approximate
the desired true data costs in most cases. Since camera
centers are in free-space by definition, we add a slight bias
towards free-space along the line-of-sight from the respec-
tive camera center to the observed depth (i.e. voxels in the
range [0, d — 8]). This has also a positive influence on the
convergence speed.

Missing depth:  If no depth was observed at a particular
pixel p, we cannot assign unaries along the corresponding ray.
Since missing depth values mostly occur in the sky regions
of images, we found the following modification helpful to
avoid “bleeding” of buildings etc. beyond their respective
silhouettes in the image: in case of missing depth we set the
unary potentials to

p% = min {0, Ogky — MiN;£gy 03} (8)

and p’ = 0 for i > 0 for all voxels s along ray(p). This
choice of unaries favors freespace along the whole ray when-
ever depth is missing and sky is the most likely class label
in the image.

S. Training the Priors

In this section, we will explain how the appearance likeli-
hoods used in the unary potentials p’ and the class-specific
geometric priors ¢% are learned from training data. While
the appearance terms are based on classification scores of a
standard classifier, training of geometric priors from labeled
data is more involved. We first start describing the training
of the appearance likelihoods before discussing the training
procedure for smoothness priors.

5.1. Appearance Likelihoods

In order to get classification scores for the labels in the
input images we train a boosted decision tree classifier [7]
on manually labeled training data. In a first step, the training
images are segmented into super-pixels using the mean shift
segmentation algorithm'. Features are extracted for each
super-pixel. We use the default parameters as implemented
by [7], resulting in 225 dimensional feature vectors based on
color, intensity, geometry, texture and location. It should be
noted that the geometry and location features are extracted by
using 2-D information on the images (superpixel size, shape,
and relative position in the image) and they are not related
to the 3-D geometry of the scene. The extracted features and
ground truth annotations are fed into the boosted decision
tree. The classifier is trained over 5 classes: sky, building,

'0OpenCV implementation

ground, vegetation, and clutter. We use 2 splits per decision
tree and 200 boosting rounds. We designed a training dataset
by taking 76 images from the CamVid dataset [3] and 101
images from the MSRC dataset. We also added 34 images
taken at street level of different buildings. These buildings
are not part of the evaluation data set.

Once the classifier is trained, it can be used to obtain
scores for each region of the input images. These scores
represent the log-likelihoods of each class for each region of
the image.

5.2. Class-Specific Geometric Priors

We use a parametric model for the functions ¢%/ appear-
ing in the smoothness term of Eq. 5. As already mentioned
we restrict ourselves to spatially homogeneous functions
¢ = ¢', and thus there is no dependency on the location
s. Note that the energy formulation in Eq. 5 naturally corre-
sponds to a negative log-probability. Hence, the functions
¢% will be also interpreted as negative log-probabilities. Let
S;¢s; denote a transition event between labels 7 and j at some
voxel s, and let n’J be the (unit-length) boundary normal at
this voxel. Instead of modeling ¢*/ directly, we use

P(n) = P(ny | siesj) P(i ¢+ j), 9)
where we applied the homogeneity assumption, i.e.
P(sisj) = P(i < j). The conditional probability,
P(n% | s;«y;) is now modeled as a Gibbs probability mea-
sure

P | siog) = exp (=47 (nY)) /2%, (10)
for a pos. 1-homogeneous function 1)/, Z% is the respective
partition function, Z% def ' es2 XD (=¥ (n")) dn, and

S? is the 3-dimensional unit sphere. Consequently, ¢%/ in
Eq. 5 is now given by

¢ (n) =7 (n) +log Z9 —log P(i <+ j) (1)

for a unit vector n € S2. Maximum-likelihood estimation is
used to fit the parameters to available training data, formally

— (VNI ; i
0 argmgaxl?[gP(ns | sicsj)P(i ¢ j), (12)

where the product goes over all training samples s and )%/
and Z% are functions of the parameters 8% which are gath-
eredin 0 = {0% | i,5 € {0,...,L}}. In our implemen-
tation, we estimate the discrete probabilities P(i <> j) of
observing a transition ¢ <+ j upfront by counting the relative
frequencies N*// 3, . N*/ of the respective type of bound-
aries from training data. Estimating first P(i <> j) has the
advantage that the ML-estimation in Eq. 12 decouples into
independent estimation problems of the form

N
0 = argmin Y 0 (nfls07) + N Z9(6),  (13)
J 1



Figure 3: A section of the cadastral city model used to train
the geometric priors.

where the summation goes over all the V i transition sam-
ples 7}’ between labels ¢ and j. Since for many choices
of ¢* the partition function cannot be solved analytically,
we use Monte Carlo integration to obtain an estimate for
Z%. Given the low dimensionality of #%/ (up to 4 compo-
nents, see Section 5.3 below) and the necessity of Monte
Carlo integration for the partition function, we use a simple
grid search to find an approximate minimizer 6%. As train-
ing data we use a three dimensional cadastral city model
(see Fig. 3) which enables us to train ¢/ for the transitions
ground < free space, ground < building and building <>
free space. Label transitions unobserved in the training data
are defined manually. At this point we need to address two
small technical issues:

Remark 1. ¢¥ is only specified for unit vectors n € S2,
but the argument in the energy model Eq. 5 are usually non-
normalized gradient directions %7 & 2% — 2Ji € [—1,1]3.
However, remember that )"/ is a convex and positively 1-
homogeneous function. Together with the fact that the area
of the surface element in finite difference discretizations is
captured exactly by ||y ||, we derive the contribution of y%/
to the regularizer as

Iy 1207 (42 /1y ll2) = & (y7)
by the 1-homogeneity of ¢*/. Therefore, the extension of
¢% as given in Eq. 11 to arbitrary arguments y € R3 is
¢ (y) = ¥ (y) + llyll2 (log Z7 —log P(i < j)) . (14)

d:e‘CiJ

Consequently, our smoothness prior ¢* will always be com-
posed of an anisotropic, direction-dependent component
1" and an isotropic contribution proportional to C% =
log Z% — log P(i <+ j). This also implies that there is no
need to explicitly model any isotropic component in 1™/
Remark 2. The function ¢*/ given in Eq. 14 above is posi-
tively 1-homogeneous if 1)*/ is, but convexity can only be
guaranteed whenever C = log Z% — log P(i <+ j) > 0 or
P(i <+ j) < Z%. This is in practice not a severe restriction,
since for a sufficiently fine discretization of the domain the
occurrence of a boundary surface is a very rare event and
therefore P(i < j) < 1.

5.3. Choices for %

We need to restrict )%/ to be convex and positively 1-
homogeneous. One option is to parametrize ¢ (n) =

% (n; 0) in the primal and to limit # such that the resulting
1" has these properties, but this may be difficult in gen-
eral. We choose a slightly different route and parametrize
the convex conjugate of 1%/, ()",

(¥7) () = max {p"n =¥ (W)} = ., (),

i.e. the indicator function for a (convex) shape Wy:; (which
will be called a Wulff shape [17] in the following). We find
it easier to model parametric convex Wulff shapes W:;
rather than ¢* directly. Below we describe the utilized
Wulff shapes and its parametrizations. Which Wulff shape
is picked for 1% (in addition to its continuous parameters)
is part of the ML estimation. The description below is for
Waulff shapes in a canonical position, since any ¢/ induced by
a rotated shape can be expressed using a canonical one,

P(n; R) = per%s'a%w pin = prg‘:}vi(Rp)Tn = (RTn; I).

Given remark 1 above there is no need to model the Wulff
shape with an isotropic and an anisotropic component (i.e. as
Minkowski sum of a sphere and some other convex shape).

The Wulff shapes described below are designed to model
two frequent surface priors encountered in urban environ-
ments: one prior favors surface normals that are in alignment
with a specific direction (e.g. ground surface normals prefer
to be aligned with the vertical direction), and the second
Waulff shape favors surface normals orthogonal to a given
direction (such as facade surfaces having generally normals
perpendicular to the vertical direction). In order to obtain a
discriminative prior we assume that an approximate vertical
direction is provided. We refer to the supplementary material
for graphical illustrations of the Wulff shapes and induced
smoothness costs.

Line Segment This Wulff shape has only one parameter [
and is a line segment in z-direction centered at the origin with
length 21 (i.e. its endpoints are (0,0,7) and (0,0, —1)7).
This shape translates to a function ¢ (n) = l|ng|, which is
convex as long [ > 0.

Half-sphere plus spherical cap This Wulft shape W,
consists of a half-sphere with radius r centered at the origin
in opposition to a spherical cap with height h. The corre-
sponding function 1) favors directions pointing upwards and
isotropically penalizes downward pointing normals. ) can
be computed in closed form (with n = (n1, ny, n3)7),

rn|| if ng <0
) =3 lnll (55 +4) s (55— 4) i ()
r ) otherwise,



where (x) is n3 > 0 and n3(h? +72) > (r> — h?)/||n||. By
construction Wy, is convex (and therefore also v) as long as
r>0andh € [0,r].

6. Experiments

In this section we present the results obtained on four
challenging real world datasets. We compare our geometry
to a standard volumetric fusion (in particular “TV-Flux” [23])
and also illustrate the improvement of the class segmentation
compared to a single image best-cost segmentation.

We use the dataset castle P-30 from [21] and three addi-
tional urban datasets ranging from 127 to 195 images in the
dataset size. Camera poses where obtained with the publicly
available structure from motion pipeline [26]. The depth
maps are computed using plane sweep stereo matching for
each of the images with zero mean normalized cross correla-
tion (ZNCC) matching costs. Up to nine images are matched
to the reference view simultaneously with best K occlusion
handling. To get rid of the noise the raw depth maps are
filtered by discarding depth values with a ZNCC matching
score above 0.4. The class scores are obtained by using the
boosted decision tree classifier explained in Section 5.1. To
align the voxel grid with the scene we use the approach de-
scribed in [5]. We use a multi-threaded C++ implementation
to find a minimizer of Eq. 5 (running on a 48 cores).

Fig. 4 illustrates the results for all 4 datasets. As expected,
computational stereo in particular struggles with faithfully
capturing the ground, which is represented by relatively few
depth samples. Consequently, depth integration methods
with a generic surface prior such as TV-Flux easily remove
the ground and other weakly observed surfaces (due to the
well-known shrinking bias of the employed boundary regu-
larizer). In contrast, our proposed joint optimization leads
to more accurate geometry, and at the same time image seg-
mentation is clearly improved over a greedy best-cost class
assignment.

The third column in Fig. 4 illustrates that the most prob-
able class labels according to the trained appearance like-
lihoods especially confuses ground, building, and clutter
categories. Fusing appearance likelihood over multiple im-
ages and incorporating the surface geometry almost perfectly
disambiguates the assigned object classes. The joint deter-
mination of the right smoothness prior also enables our ap-
proach to fully reconstruct ground and all the facades as seen
in Fig. 4, 4th column. The ground is consistently missing
in the TV-Flux results, and partially the facades and roof
structure suffer from the generic smoothness assumption
Fig. 4, 5th column). We selected a weighting between data
fidelity and smoothness in the TV-Flux method such that
successfully reconstructed surfaces have a (visually) similar
level of smoothness than the results of our proposed method.

7. Conclusion

We present an approach for dense 3D scene reconstruction
from multiple images and simultaneous image segmentation.
This challenging problem is formulated as joint volumetric
inference task over multiple labels, which enables us to
utilize class-specific smoothness assumptions in order to
improve the quality of the obtained reconstruction. We use
a parametric representation for the respective smoothness
priors, which yields a compact representation for the priors
and—at the same time—allows to adjust the underlying
parameters from training data. We demonstrate the benefits
of our approach over standard smoothness assumptions for
volumetric scene reconstruction on several challenging data
sets.

Future work needs in particular to address the scalabil-
ity of the method. As a volumetric approach operating in
a regular voxel grid, our method shares the limitations in
terms of spatial resolution with most other volumetric ap-
proaches. Adaptive representations for volumetric data can
be a potential solution. We also plan to extend the number
of object categories to obtain a finer-grained segmentation.
Note that not all pairwise transitions between labels in 3D
are equally important or even occur in practice. This fact
can be utilized to improve the computational efficiency of
our proposed formulation.
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Abstract

Dense 3D reconstruction of real world objects contain-
ing textureless, reflective and specular parts is a challeng-
ing task. Using general smoothness priors such as surface
area regularization can lead to defects in the form of discon-
nected parts or unwanted indentations. We argue that this
problem can be solved by exploiting the object class specific
local surface orientations, e.g. a car is always close to hor-
izontal in the roof area. Therefore, we formulate an object
class specific shape prior in the form of spatially varying
anisotropic smoothness terms. The parameters of the shape
prior are extracted from training data. We detail how our
shape prior formulation directly fits into recently proposed
volumetric multi-label reconstruction approaches. This al-
lows a segmentation between the object and its supporting
ground. In our experimental evaluation we show recon-
structions using our trained shape prior on several chal-
lenging datasets.

1. Introduction

In the last few years a lot of progress has been made in
the area of dense 3D reconstruction from images. The main
difficulty is imperfect input such as noisy, missing or am-
biguous data. Most approaches have in common that they
try to find a solution which follows the input data while be-
ing sufficiently regular with respect to a given smoothness
prior. These priors often penalize surface properties such as
e.g. area or curvature. Such approaches work well for data
which is mostly affected by noise. If it comes to defects
such as specularities, translucency or even reflections these
methods are prone to produce suboptimal solutions.

To overcome this problem strong domain specific pri-
ors are used. These can be priors on semantic classes, e.g.
building facades have to be vertical, or priors on the struc-
ture, e.g. the reconstruction has to form a tree. Recently also
3D object shape priors have been proposed.

One powerful approach to dense 3D reconstruction is
volumetric depth map fusion, where a set of depth maps
is combined into a volumetric representation. The volume
is segmented into the exterior (free space) and interior (oc-

Figure 1. Left: Cropped input image, depth map and baseline re-
sult. Right: Result with our shape prior formulation. Object and
ground are segmented by our formulation.

cupied space) of the object. In this work we propose to ex-
ploit anisotropic regularization to embed object shape pri-
ors into convex regularization formulations for volumetric
depth map fusion. The reasoning behind this is that object
classes have locally only a restricted distribution of surface
normals over different examples. The outline of a bottle is
always close to vertical but on the other hand there can be
regions such as the side mirrors of a car where a large set of
normals is likely. We capture these normal variations and
utilize them to formulate our shape prior.

1.1. Related Work

There is a broad literature on dense 3D reconstruction
from images. We focus on the most related ones to our ap-
proach and for a more detailed overview we refer the reader
to [15]. The main idea of volumetric depth map fusion is
to segment a volume into occupied and free space and ex-
tract the surface as boundary between the two regions. The
main difference between the various methods is how they
regularize the data. Approaches penalizing the surface area
have been proposed in the discrete optimization literature
[12] and also as continuous convex optimization [22]. The
main advantage of such continuously inspired formulations
is that they have an underlying continuous representation,
which leads to more isotropic behavior compared to discrete
approaches using graph-cuts.



Given input images an oriented point cloud can be ex-
tracted using structure from motion approaches. Utilizing
anisotropic smoothness can then be used to align the final
reconstruction with the extracted normal directions leading
to a more faithful reconstruction of surface details [11].

While such general smoothness priors lead to faithful
reconstructions in the presence of well behaved data they
can be too general for very ill-conditioned cases. Therefore
other priors have been proposed.

Segmenting elongated structures, such as blood vessels,
are prone to be disconnected. To overcome this problem
connectivity priors have been introduced [18, 17].

Object shape priors have recently attained much atten-
tion in the field of dense 3D reconstruction [3, 5]. Both
works try to fit a parametric shape model into input data.
This allows the reconstruction of objects which are not well
represented in the input data such as highly reflective cars.

Multi-label segmentation methods have only recently
emerged. The work of [4] proposes a spatially continuous
formulation of multi-label segmentation with a discrete la-
bel space. While anisotropic smoothness can be directly
applied to this formulation, the main restriction is that the
smoothness needs to form a metric over the label space.
A comparison of discrete formulations and the discretized
version of the continuous formulation revealed that the dis-
cretized formulation does not suffer from this problem [20].
The most closely related work to our shape prior formula-
tion is [9]. They propose to introduce semantic informa-
tion into volumetric 3D reconstruction by utilizing convex
multi-label segmentation. The main idea is that the vol-
ume is no longer segmented into free and occupied space
but rather into multiple semantic classes. This allows the
semantic classes to be penalized differently, e.g. ground
should be less penalized when in a horizontal direction, as
this is a more likely direction for ground.

Our approach to shape priors is driven by the observa-
tion that, for many real life objects, the local distribution
of normals is limited. For example the doors of a car can-
not be horizontal but this is a very likely direction for the
hood. Therefore, we propose to incorporate a shape prior
by locally penalizing the surface directions anisotropically
dependent on the distribution of normals given in training
data. A more direct approach for volumetric shape priors
might be to just derive a location specific prior on the oc-
cupancy state of a voxel. However, this does not allow the
capturing of that e.g. the roof of the car needs to be close to
horizontal, which is nicely captured by our direction based
prior.

Often the reconstructed object is standing on a support-
ing ground. To be able to handle the data costs induced by
the ground, which do not fit to the shape prior, we propose
to use multi-label segmentation to treat the ground differ-
ently. This directly enables us to also segment the object
and the ground.

1.2. Our Contributions

e We propose a novel way to incorporate shape pri-
ors based on surface normal distributions into con-
vex multi-label optimization. The driving force of our
method are spatially varying anisotropic smoothness
priors (c.f. Sec. 2.3). The formulation is based on
more general anisotropic smoothness priors as the ones
that have been used in recent convex multi-label seg-
mentation approaches.

e An efficient way to derive the shape priors from train-
ing data is detailed in Sec. 2.4.

e Due to the multi-label formulation we can segment the
object from its supporting ground in a natural way (see
Fig. 1).

2. Shape Priors

Our approach is based on recently published convex
multi-label segmentation methods [16, 4, 20]. Before we
explain how we can incorporate shape priors, we need to
summarize the optimization framework.

2.1. Convex Multi-Label Segmentation

The ultimate goal of surface reconstruction is to find
the most probable surface which fits the given noisy data.
In convex approaches for surface reconstruction, the sur-
face is often implicitly represented in a volumetric form.
Traditionally, the volume is separated into two areas, free
space and occupied space [12, 19] and the resulting sur-
face is described by the boundary between free and occu-
pied space. An extension of this formulation to multiple
semantic classes was proposed in [9]. We follow a similar
approach by dividing the reconstruction into the object it-
self, on which the shape prior should be applied, and the
ground, if there is any. This leads to a segmentation of the
volume into three regions: free space, object and support-
ing ground. This allows us to handle the often strongly ob-
served ground which does not fit to the object shape prior.
Additionally, this directly gives the segmentation between
the reconstructed object and the supporting ground.

The main ingredients of the formulation are: a unary and
a smoothness term plus a set of constraints linking them to-
gether. The unary potential is computed from the observed
data and will be called data term. A smoothness term is re-
quired to tackle the noise in the observed data. It can be seen
as a prior on the expected surface and is therefore named
smoothness prior.

The convex multi-label segmentation formulation pre-
sented in the following originates from continuous opti-
mization [4]. The main drawback of the purely contin-
uous formulation is that it does not allow for non-metric
smoothness priors. It has been pointed out that this can be
overcome by only considering discrete domains in [20]. As



we are inherently bound to the discrete domain and the un-
derlying continuous formulation is not required for the un-
derstanding of this manuscript, we directly present the dis-
cretized version of the formulation. However some mech-
anisms need to be understood as a discretization of the un-
derlying continuous formulation.

More formally, a discretized volumetric domain 2 C R3
is given. The task of the label assignment is to assign
one out of the three labels free space, object or support-
ing ground £ = {0, 1,2} to each location (voxel) s € €.
It is represented as soft indicator vectors z, € [0, 1]I#! with
2t = 1 if and only if label i is assigned at s. In the fol-
lowing, we will use subscripts to denote the spatial position
of a variable and superscripts to denote label indices. ey
denotes the k-th canonical basis vector and (-) is used to
extract the k-th component of a vector. Having this nota-
tion in place, we can now state the objective of the utilized
convex minimization problem.

E(x)=) (Y pai+ Y ¢d@d—al)| )

Qes \ i i,5:<j

In addition to the per voxel soft-indicator vectors x% the ob-
jective also contains vectors % € [0,1]3. They are un-
derstood as follows: the k—th component of the vector x%/
equals 1 if and only if there is a transition from label ¢ to
label j along the k-th canonical direction of the grid. The
functions ¢% : R? — R define the smoothness prior and
need to be convex and positively 1-homogeneous. Their
arguments %/ — xJ¢ are aligned with the surface normal
if they are on the segmentation boundary. They are an
anisotropic extension of standard surface area based penal-
ization used in continuous segmentation formulations (c.f.
[7,23]). Note that originating from a discretized continuous
formulation, the arguments of the objective are generally
non-binary around the optimal surface. This is a necessary
behavior to allow the vectors 2%/ — xJ* to point in arbitrary
directions, and the main reason why these formulations are
less prone to metrication artifacts than purely graph based
approaches. The p? are the unary data costs giving a local
preference at voxel s for the label <. To ensure that the edge
indicator variables %/ and the node indicator variables 2%
are consistent and in a valid configuration, the objective in
Eq. 1 is subject to the following marginalization, normal-
ization and non-negativity constraints.

wh=Y (@), wh=) (@l ke{1,2,3}
J J
T, €A, 23>0 )

The marginalization constraints ensure that the per node and
per edge variables agree on the assigned labels. Constrain-
ing the per-node variables to lie in the unit probability sim-
plex A = {3, z! = 1,z! > 0} ensures that exactly one
label is assigned at each position s.

G 1
0 |

Figure 2. Data term entered into the grid along a viewing ray.

2.2. Data Term

The unary data term gives a local preference for a cer-
tain label. In our formulation, we have two different labels
denoting occupied space: object and ground. It has been
shown that such multi-label segmentation can be done based
on per image class scores in [9]. We choose a slightly dif-
ferent approach and do not compute any class specific data
term. The segmentation of object and ground is solely based
on the shape prior detailed in Sec. 2.3. The only input for
the data term is a set of potentially noisy depth maps. This
leads to only one data term describing a local preference
for occupied space p, := p. = p2. The local preference
for free space is implicitly encoded as penalty for occupied
space, therefore p? = 0.

In the following we consider a particular voxel s and its
associated data cost ps. The projective depth of s with re-
spect to one of the input depth maps is denoted as z, and its
observed depth in the depth map is denoted as Z,. We then
define the data term as

B if zg < 25,25 — 25 < &
ps =< =0 ifzg> 24,2, — 2, <9 3)
0 otherwise .

This is based on the assumption that in front of an observed
depth Z a voxel s should be assigned free space and in a
neighborhood behind occupied space. The weights p along
a viewing ray are depicted in Fig. 2. Note that we are mini-
mizing our energy and therefore a negative p, means prefer-
ence for occupied space. This specific choice for ps corre-
sponds to an exponentially distributed noise assumption for
depth inliers (see also [9, 19]). Also note that we have only
specified our data term for a single observed depth Z,. It re-
mains to be mentioned that the final data term is formed by
summing up all the weights from all the input depth maps.

2.3. Novel Shape Prior Formulation

Unlike recent works on shape priors that fit a parametric
shape model to given data [3, 5] we are taking a somewhat
different approach. The main drawback in the aforemen-
tioned works is that using a parametric shape model brings
the additional difficulty that details not represented by the
prior need to be added in an additional refinement step. In
this section we will detail our shape prior formulation.

For many real world objects, the distributions of normals
in a set of given examples is locally restricted. For exam-
ple, the outline of a bottle is always close to vertical. We
exploit this observation to define our shape priors in terms
of surface normal distributions. The main idea is to use a



spatially varying anisotropic penalization of the surface.

This can be included in the convex volumetric multi-
label segmentation formulation by utilizing smoothness pri-
ors ¢% (+) that penalize the surface according to the expected
surface orientation at each location s in our volume 2. For
the remainder of the paper, we assume that the domain 2
is aligned with the object’s bounding box. At this point,
we would like to mention that the smoothness priors ¢% (-)
need to be defined for all the possible transitions between
the three labels (free space, object and ground). However,
the shape prior is only applied to transitions involving the
object label, meaning the transitions object <> free space
and object <» ground. In the remainder of this section we
therefore omit the label indices and implicitly refer to the
relevant transitions.

Any positively 1-homogeneous convex function can be
used as a smoothness prior ¢5. Choosing functions fulfilling
these properties can be difficult, therefore we do not define
them directly but use the primal-dual formulation (c.f. [7])

¢s(z) = max (p"z). 4

Ws denotes the so-called Wulff shape and can be any
closed, bounded and convex set which contains the ori-
gin. Using this formulation, we transformed the problem of
specifying a suitable function to specifying a convex shape
which guarantees the definition of a valid smoothness prior.

This idea has been used before, but only a restricted set
of possible shapes was taken into account [23, 9]. Namely,
one that prefers a certain direction and one that prefers all
the directions that are orthogonal to a given direction. This
may be sufficient in these works, but in our case, in order
to capture the distribution of normals present on the ob-
ject’s surface faithfully, we need to allow for more general
smoothness priors. Therefore, we propose to use a more
general parameterization of Wulff shapes.

We start with the following fact: any convex shape can
be described as an intersection of a set of half spaces. We
choose a discrete set of half spaces H, and call the in-
duced shape W4, the discrete Wulff shape. The half spaces
hs € H, are defined by a normal direction n € S C S? and
distances to the origin d”. S? denotes the three dimensional
unit sphere and S a discrete subset thereof. The distances
dy are indexed by the normal direction n. This is not a
restriction as only one half space per direction can be ac-
tive (having a joint boundary with W;) in the Wulff shape
defined by the intersection of all Ay € H,. The set of nor-
mal directions S is chosen to be spatially homogeneous and
therefore not indexed by the position s. By using a suffi-
ciently fine grained discretization for the normal directions
in S, any valid Wulff shape can be represented with high
accuracy. Fig. 3 shows visualizations of some examples of
possible shapes.

In our experiments, we use a geodesic sphere, which is
generated as a iterative subdivision of an icosahedron, to
define the set of normal directions S. The number of direc-

Figure 3. Discrete Wulff shapes, from left to right: isotropic, pre-
ferring one main direction, more complex shape that penalizes a
segment of normals much more strongly than the rest.

tions used is |S| = 162. The actual distances d” used for
the individual directions n are determined by training data.
This step is detailed in the Sec. 2.4.

For the transitions between ground and free space, which
are not covered by the shape prior we use a prior preferring
the ground to be horizontal as done in [9].

For objects that only touch the ground at specific places
e.g. the four wheels of a car, the position of the support
points are known from the training data. This allows us to
utilize the shape prior only in a neighborhood around the
area where the interaction is expected to happen. Outside
that region we use a strong isotropic penalization. In Sec.
4 it is shown that this enables the optimization to properly
segment cars from the ground.

2.4. Training of the Discrete Wulff Shapes

The aim of training the Wulff shapes is to determine the
parameters of the shape prior based on training data. Our
training data are mesh models that we downloaded from the
Internet. Often realistic models also contain the geometry in
the interior of the object. In our case we are only interested
in the outline shape of the models, more specifically only
in the normals of the outline shapes at all positions s € €.
To separate the outline shape from the rest we first render
depth maps from the given mesh and run volumetric depth
map fusion [19] using the rendered depth maps in order to
finally extract the outline shape’s normals.

The parameters that need to be determined during train-
ing are the parameters of the discrete Wulff shapes, namely
all the distances d} for all the normals n € S at all the po-
sitions s € . Naturally, the terms ¢% in the energy func-
tion in Eq. 1 correspond to negative log-probabilities. The
standard approach for the training would be to find a max-
imum likelihood estimation of the distances d given a set
of training normals. As we need to estimate a set of param-
eters at each position s a gradient descent based maximum
likelihood estimation would be too slow.

To make the problem tractable we discretize the space
of directions %/ — xJ¢ to the ones that are aligned with the
discrete set of normals S. Therefore we have for each unit
length normal direction n € S at position s a direct map-
ping between the probability Ps(n) and the corresponding
dzy by

Py(n) = e ®(0) — gmmaxpews, (071) _ p—di ©)



and it follows that
dy = —log (Ps(n)). (6)

To get an estimate for Py(n) we generate histograms
over the input normal directions weighted by their respec-
tive surface area in the training data. The bin centers are
set to be n € S. Now the empirical probabilities can be di-
rectly extracted from the histograms and define the d7'. For
robustness against non observed directions in the training
data we impose a maximum on the values di. At this point
we need to make a few remarks.

e In Eq. 5 the arguments to ¢% () are unit length nor-
mal vectors. However, the arguments y%/ := x% —
xJ% are in general non-normalized gradient directions
from [—1,1]3. From 1-homogeneity it follows that
99 (y2) = lyi 1267 (v /1y |2). And [y corre-
sponds to the area of the surface element in the under-
lying finite-difference discretization (c.f. [9]). There-
fore the surfaces are naturally penalized by their sur-
face area.

e It can happen that an actual half space h, is not active
(does not share a boundary with Wy, ) in the trained
discrete Wulff shape. This means that the correspond-
ing direction n will be penalized less then the training
data suggests. This is not an issue as it does not happen
for the most probable directions. This behavior can ac-
tually be beneficial if a single empty histogram bin is
surrounded by much more probable ones.

e In the training process we restricted the directions to
the normals n € S. We can still allow for arbitrary
directions during the optimization as we generate a
valid Wulff shape which assigns a cost to all directions
xd — xl*.

Overall, this way of training the parameters leads to an es-
timate that penalizes the most probable directions n € S
with the corresponding empirical probability and smoothly
blends for directions in between. The training is very effi-
cient as it only involves the computation of a normal his-
togram while getting an accurate penalization for the most
likely directions. In Fig. 4 the shape prior trained on a set
of bottles is visualized.

3. Optimization

For the optimization we use the preconditioned first or-
der primal-dual algorithm presented in [14]. In order to ap-
ply the algorithm we need to rewrite the optimization prob-
lem in its primal-dual saddle point form. This is done by in-
serting the primal-dual formulation of the smoothness prior
from Eq. 4 into Eq. 1 and introducing Lagrange multipliers
for the constraints (Eq. 2). The optimization problem can
then be stated as

[]

]

(a) Full slice on the left, closeups in the middle (left side of the bottle
neck) and on the right (bottom corner of the bottle).

(b) Full slice on the left, closeup of the lower left part on the right.
Figure 4. Slices through the bottle shape prior in vertical direction
(a) and horizontal direction (b). Isotropic Wluff shapes for posi-
tions s where there was no training data available are shown in
light gray. Trained discrete Wulff shapes are shown in dark gray.
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subject to p*Y € WY, g > 0, 2% > 0,z > 0. The ob-
jective is minimized with respect to  and maximized with
respect to p, A,y and u. The Wulff shapes W define the
smoothness prior and describe depending on the labels ¢ and
7, either our shape prior, or an isotropic or horizontal direc-
tion preferring prior.

The updates of the primal-dual algorithm [14] are gradi-
ent steps followed by projections to the feasible area. The
main difficulty is the projection to the discrete Wulff shapes
W, which define our shape prior. We detail this step in
the following section.

3.1. Projection onto Discrete Wulff Shapes

At each iteration of the algorithm the dual variables pg
need to be projected back to the feasible area. In case of the
discrete Wulff shapes Wy, this has to be done whenever
ps lies outside one or multiple of the half spaces hs; € H,.
In the following we denote such half spaces hs as violating



half spaces. In our procedure we exploit that in practice
only a few half spaces per Wulff shape are violated in each
iteration of the optimization.

As a preprocessing step that only has to be done once
for each shape prior we compute the intersection of all the
half spaces hs; € H and store for each half space, in case
it is forming a facet of the intersection, the neighboring half
spaces along the boundary of the facet. Computing the in-
tersection of the half spaces can be done by utilizing point
plane duality (c.f. [6]). For each half space we take the
plane defining its boundary, 7 = [n —d] and map it to
a dual point 7 = (1/d)n. A subsequent computation of
the convex hull [1] of the dual points reveals the intersec-
tion of the planes. The convex shape can then be extracted
by transforming back to the primal representation. Note
that this way of computing the intersection of half spaces
is only valid because the origin is always contained within
the shape.

For the projection

/ . /

Py =arg min ps = pill2 ®)
of a dual point p to the Wulff shape Wy, we use the fol-
lowing observation.

If a point p, lies outside Wy, _, its projection p’, lies on
the boundary of one of the violating half spaces. This can
be seen by case distinction. The projection either lies on a
facet, edge or vertex of Wy, _, and for all three cases the area
where the point p, needs to be located to project to p, is at
least outside of one of the half spaces incident to p’,.

In our projection we first find the set of violating half
spaces. Due to the above observation the projection can
then be reduced to an exhaustive check of all the violated
half spaces (remember in practice only very few half spaces
are violated). At this point we would like to make a few
remarks:

e Finding the set of all violating half spaces can be
expensive. By storing the closest distance d™ :=
min, s dy for each Wy, we can first check if p, lies
withing the d™"-ball and only do the expensive check
if it does not. This considerably speeds up the opti-
mization.

e At many positions s in the volume there is no training
data available because the surface never passes through
s. In this case an isotropic prior with a high smooth-
ness cost is utilized. To reduce the memory usage
we do not store a discrete Wulff shape but a perfect
isotropic prior with the corresponding weight.

4. Experiments

Before presenting the results we obtained on challeng-
ing real-world datasets we show a synthetic experiment that
shows how our shape prior handles shape variations. Often
shape variations within a certain class are still constrained to
a set of normals which can be captured by our shape prior.

For example looking at a door with respect to the frame,
or the door of a car with respect to the car, the different
opening angles induce big shape variations that cannot be
captured by simply capturing the statistics of the occupancy
state of a voxel. To demonstrate that our prior is able to
capture such variations we trained a shape prior based on
synthetic data.

We use a box which is centered at the origin and rotate
it around the z-axis. For the training data we use 32 equally
spaced angles. Our shape prior can now reconstruct this
box with an fully random rotation angle around the z-axis.
This is demonstrated by generating a box using a random
rotation angle as test data. We rendered eight depth maps
where we only keep 4% of the depth values and add Gaus-
sian distributed noise to the remaining depth values.

For all our experiments we use standard volumetric fu-
sion [19] as a baseline method. The data costs for the result
with and without shape prior are identical up to a scaling
factor which is necessary to account for the different regu-
larization.

The results of the experiments are shown in Fig. 5. Not
using a shape prior we cannot reconstruct the box but us-
ing our shape prior the box is nicely reconstructed for an
arbitrary rotation angle.

In our experiments using real-world data we computed a
shape prior for two classes of objects, bottles and cars. Both
of the classes share the difficulty that objects are highly re-
flective and contain transparent elements such as the win-
dows of cars. We trained our priors on mesh models down-
loaded from the Internet; for the bottle prior the training set
size was 48, and for the car prior we used 32 instances.

To underline that our shape prior can be used on arbitrary
shapes within the trained object class, we took several real
world datasets of bottles and cars of varying shapes. For
cars we used real cars as well as toy cars. As a first step
the camera poses are computed using the publicly available
structure from motion software [21]. We then use our plane
sweep stereo matching implementation to compute a depth
map for each of the images as a reference view. The match-
ing is done on 5 images at once. Zero mean normalized
cross correlation (ZNCC) matching scores are computed be-
tween each of the images and the reference view and oc-
clusions are handled using only the best X' = 3 matching
scores.

In order to be able to apply the shape prior, the domain
Q) needs to be aligned with the bounding box of the object.
This can be done based on image based object detectors e.g.
[8] and optimization over all the input images [2, 10, 13].
As our work focuses on the actual shape prior formulation
we omit this step and annotate the bounding box manually.

In Fig. 6 we present the results for the bottle datasets.
The same shape prior was used for all the results. Due to the
specular, reflective and translucent areas, an isotopic prior,
as used in the baseline, is not faithfully modeling the shapes
of the bottles. Our shape prior is general enough to recover



Figure 5. Synthetic experiment. First two images, two out of 32 training shapes. Third image, center part of a horizontal cut through the
shape prior. Last two images the reconstruction without and with shape prior, respectively. In the case of not using a shape prior stronger
regularization removes the reconstruction entirely.

770

Figure 6. Reconstructions of the bottle datasets. From left to right: cropped input image, cropped depth map, baseline result [19] and our
result using the shape prior with the object and ground segmented. Number of images used, from left to right and top to bottom: 28, 21, 27
and 26.

: RSP A R R W
Figure 7. Reconstructions of the car datasets. On the first and second row real cars reconstructed using 80 and 62 images, respectively and
on the third row a toy car reconstructed using 27 images. From left to right, cropped input image, cropped depth map, baseline result [19]
and our result using the shape prior with the object and ground segmented.




the different shapes present in the input data. Also note that
the actual bottle and the ground are segmented through our
three label formulation.

Our results on the the car datasets are depicted in Figs. 1
and 7. While a toy car already gives a faithful result in the
baseline, applying our shape prior does not change much
on the actual shape of the car. Note that details such as
the side mirrors and the door handles are present even when
utilizing the shape prior. This illustrates that our shape prior
is able to allow for a higher variation of normals where they
are expected. Additionally, applying the shape prior allows
us to segment the ground from the car. Real cars are more
challenging then toy cars. Through the transparent windows
details in the interior are present in the depth maps, leading
to defects on the front wind-shield and the side windows.
These issues are fixed by applying our shape prior.

5. Conclusion

We present an approach to include shape priors in con-
vex multi-label segmentation for volumetric 3D reconstruc-
tion. It is driven by using spatially varying anisotropic
smoothness priors to guide the optimization to the right
shape. In order to have a general enough parameteriza-
tion for anisotropic smoothness we define a discrete Wulff
shape, which is formed by the intersection of a discrete
number of half spaces. An efficient approach to train the
parameters of the discrete Wulff shapes is used to derive the
prior from given training data.

On synthetic data we show that our shape prior is capable
of capturing big shape variations. Furthermore, we demon-
strate the applicability of our formulation on two challeng-
ing real world object classes. The prior is able to gener-
alize to different shapes present within a class of objects.
We underline this, by showing reconstructions for several
examples of each category. Compared to a state-of-the-art
baseline not using a shape prior we are able to improve the
reconstructions considerably.

Future work needs to examine the possibility of apply-
ing such shape priors within reconstructions of larger scenes
also containing the surrounding of the object, or scenes with
multiple objects of possibly different classes. One step in
this direction has been made already in this work by seg-
menting the ground apart. Also the semantic properties
could be investigated further, e.g. in the case of a recon-
structed car the assigned semantic class to the ground below
it is expected to be road.
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Driven Learning for Driving:
How Introspection Improves Semantic Mapping

Rudolph Triebel, Hugo Grimmett, Rohan Paul, and Ingmar Posner

Abstract This paper explores the suitability of commonly employed classification
methods to action selection tasks in robotics and argues that a classifier’s introspec-
tive capacity is a vital but as yet largely under-appreciated attribute. As illustration
we propose an active learning framework for semantic mapping in mobile robotics
and demonstrate it in the context of autonomous driving. In this framework data
are selected for label disambiguation by a human supervisor using uncertainty sam-
pling. Intuitively, an introspective classification framework — i.e. one which mod-
erates its predictions by an estimate of how well it is placed to make a call in a
particular situation — is particularly well suited to this task. To achieve an efficient
implementation we extend the notion of introspection to a particular sparse Gaussian
Process Classifier, the Informative Vector Machine (IVM). Furthermore, we lever-
age the information-theoretic nature of the IVM to formulate a principled mecha-
nism for forgetting stale data, thereby bounding memory use and resulting in a truly
life-long learning system. Our evaluation on a publicly available dataset shows that
an introspective active learner asks more informative questions compared to a more
traditional non-introspective approach like a Support Vector Machine (SVM) and in
so doing, outperforms the SVM in terms of learning rate while retaining efficiency
for practical use.

1 Introduction

In answering the question ‘where am I?” roboticists have gone to great lengths to
model, manage, cope with and, indeed, exploit uncertainty. This, however, is not

Rudolph Triebel
Mobile Robotics Group, Oxford University, UK, e-mail: rudolph.triebel @in.tum.de,
who has since moved to Computer Vision Group, Technical University of Munich, Germany

Hugo Grimmett, Rohan Paul, and Ingmar Posner
Mobile Robotics Group, Oxford University, UK, e-mail: {hugo, rohanp, hip} @robots.ox.ac.uk



2 Rudolph Triebel, Hugo Grimmett, Rohan Paul, and Ingmar Posner

as yet the case when it comes to asking ‘what is this?’. As we aspire to robust,
long-term autonomous operation our systems have to contend with vast amounts
of continually evolving, non-i.i.d. data from which information needs to be assimi-
lated. This presents a challenge and an opportunity particularly to the robotics com-
munity as here the real cost of failure can be significant. We believe that realistic
estimates of uncertainty are pivotal to achieving robust and efficient decision mak-
ing in robotics. However, in particular in the context of classification as a precursor
to action selection this aspect seems to be largely disregarded by the community.

We frame our argument in the context of offline semantic mapping. Significant
progress in autonomous driving in recent years has inspired a view that success-
ful autonomous operation in complex, dynamic environments critically depends on
a-priori available semantic maps representing ostensibly permanent aspects of the
environment such as lane markings, traffic light positions and road sign informa-
tion (see, for example, [2, 21]). Owing to their safety-critical nature, these maps are
typically created manually for particular routes [4]. This is, of course, an expen-
sive process which scales badly with the number of routes for which autonomous
operation is to be provided. Much, therefore, can be gained by reducing human in-
volvement in this process and thus providing a robust and scalable solution.

A prominent approach to tackling such a challenge is that of active learning,
where classification results are iteratively refined by asking a human supervisor for
ground-truth labels in ambiguous cases and incorporating the added information
into classifier training. To the best of our knowledge this paper is the first in robotics
to present an efficient and scalable active learning framework for the task of offline
semantic mapping. Crucially, however, our work is also set apart from the vast ma-
jority of the related works in active learning by the unusual stance we take with
regards to uncertainty estimates in the system. Commonly, active learning relies on
selecting data for human labelling using a variant of uncertainty sampling, by which
data are selected according to how confident a classifier is in individual predictions
(see, for example, [16]).

However, Grimmett et al. [6] show that several of the classification frameworks
commonly used in robotics are unrealistically overconfident in their assessment of
class membership. To characterise this attribute, the authors introduce the notion
of an introspective capacity of a classification framework: the ability to estimate a
classification confidence which realistically reflects how qualified the classifier is
to make a particular class decision in each individual test instance. In this paper we
show that introspective classification harbours significant benefits for active learning
as compared to more traditional, non-introspective approaches. In particular, our
contributions are

e the application of an active learning framework to semantic mapping in robotics,

o the application of the notion of introspection to the Informative Vector Machine
(IVM) [9] as an efficient extension to [6],

e the application of the IVM specifically to achieve introspective active learning,
which is demonstrated to lead to more effective information extraction over more
traditional approaches, and
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Fig. 1: Active learning in a semantic mapping context. This figure shows semantic maps indicating
the positions of traffic lights along a street in Paris. Circles denote the locations of ground-truth
traffic lights. The shading encodes the correctness of the classification output as provided by a
probabilistic classifier: red denotes no detections, and green denotes all possible traffic light de-
tections being found. False positives are shown as grey squares. From left to right, we first see a
typical passive detector, followed by our active-learning framework at epochs 0, 2, and 9 respec-
tively. Note that in the active learning setting the shading of the circles progresses from red to green
as a greater proportion traffic lights are correctly detected with increasing confidence. Similarly the
number of false positives reduces dramatically. By epoch 2 the active learning framework already
outperforms the passive detector. In this paper we show that our formulation of an introspective
active learning approach provides for more efficient information extraction — and thus a higher
learning rate — over conventional active learning approaches. (This figure is best viewed in colour.)

e the introduction of a principled mechanism for the IVM to forget less important
data to provide for scalable, life-long active learning on a mobile robot.

The work presented here first appeared as a workshop paper by the same authors
[20]. However, here we offer a more detailed treatment of that work as well as the
following significant extensions:

o the introspective capacity of the IVM is established, including the effects of vary-
ing the sparsity factor,

e qualitative results are included of when the IVM is confident (correctly and in-
correctly) in its classifications, and

o timing information is provided regarding the training of an IVM.

We apply our framework to the detection of traffic lights in a real, third-party vi-
sion dataset and demonstrate iteratively improved semantic mapping, which makes
efficient use of available label information. A typical qualitative example of our
system output is shown in Fig. 1.



4 Rudolph Triebel, Hugo Grimmett, Rohan Paul, and Ingmar Posner

2 Related Works

Active learning is an established and vibrant field of research spanning a significant
number of application domains. Consequently, a variety of methods have been pro-
posed for selecting informative measurements for labelling and/or for incrementally
training a learning algorithm. For example, Freund ef al. [5] propose disagreement
among a committee of classifiers as a criterion for active data selection. McCul-
lum and Nigam [11] apply this to text classification using high label inconsistency
as a query criterion coupled with expectation maximisation (EM) for online learn-
ing. More recently, Joshi et al. [7] address multi-class image classification using
SVMs and propose criteria based on entropy and best-versus-second-best (BvSB)
measures based on the hyperplane-margin for determining uncertain points. Tong
and Koller [18] pick unlabelled data for query based on minimising the version
space within a margin-based SVM formulation. Kapoor et al. [8] propose an active
learning system for object categorization using a GP classifier where data points
possessing large uncertainty (using posterior mean and variance) are queried for
labels and used to improve classification.

Within the robotics community, active learning and directed information acqui-
sition has received attention in recognition, planning and mapping tasks. For exam-
ple, Dima et al. [3] present unlabelled data filtering for outdoor terrain classification
tasks with the aim of reducing the amount of training data to be human-labelled. The
approach relies on kernel density estimation over unlabelled data and estimating a
“surprise” score for image patches, hence only querying the least likely samples
given the density estimate for human labelling. In [13] the authors present a learning
approach for continually improving place recognition perfomance by actively learn-
ing an appearance model of a robot’s operating environment. The method uses prob-
abilistic topic models and a measure of perplexity to identify least explained images
which further drives retrieval of thematically linked samples leading to an improved
workspace representation. Recent work by Tellex et al. [17] explores active infor-
mation gathering for human-robot dialog. The authors formulate an information-
theoretic strategy for asking clarifying questions to disambiguate the robot’s belief
over the mapping between phrases and aspects of the workspace.

While, to the best of our knowledge, this is the first work in robotics apply-
ing active learning to a semantic mapping task, our work is also set apart signif-
icantly from prior art in active learning in that we introduce and demonstrate the
benefits of efficient introspective active learning. In this respect, the work most
closely related to ours is that of [8] above, in which an inherently introspec-
tive classifier is used but its use is not motivated by its introspective qualities.
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3 Introspective Classification

The introspective capacity of a classifier characterises its ability to realistically es-
timate the uncertainty in its predictions. Grimmett et al. [6] define the introspective
capacity as a classifier’s ability to moderate its output by an appropriate measure as
to how ‘qualified’ it is to make a call given its own prior experience, usually in the
form of training data. The intuition is that test data, which are in some form ‘simi-
lar’ to that seen in training, are classified with higher certainty than data which are
more dissimilar. This points towards non-parametric approaches potentially being
more introspective than parametric ones, as all the training data are available for
inference in the former, whereas inference in the latter is based on parametric mod-
els learned from the data. Grimmett ef al. [6] investigated several commonly used
classification frameworks providing probabilistic output and found that a Gaussian
Process classifier (GPC) [15] indeed is significantly more introspective than, for ex-
ample, the more commonly used Support Vector Machine (see, for example, [1])
with a probabilistic calibration (such as, for example, provided by Platt et al. [14]).

In [6], this quality is attributed to a GPC’s Bayesian treatment of predictive vari-
ance. Consider a set of training data {X,y}, where X = {X,...,X)x|} denotes the set
of feature vectors and y denotes the set of corresponding class labels. Probabilistic
predictions for a test point, X.., are obtained in two steps. First, the distribution over
the latent variable corresponding to the test input is obtained by

p(fs IX,y,x*)=fp(f* | X. X, Hp(f | X y)df, 6]

where p(f | X,y) is the posterior distribution over latent variables. This is followed
by applying a sigmoid function o7(-), which in our implementation is the cumulative
Gaussian, and marginalising over the latent f, to yield the class likelihood p(y. |
X,y,X,) as

PO X Yx) = f o(fp(f | X,y x)df.. @)

It is this marginalisation over all models induced by the training set, as opposed
to relying on a single minimisation-based estimate, which accounts for an accurate
estimate of the inherent uncertainty in class distribution, and therefore endows GP
classification with a high introspective capacity.

3.1 Efficiency by Sparsification

A key drawback of a GPC is its significant computational demand in terms of mem-
ory and run time. This is due to the fact that the GP maintains a mean g, as well as
a covariance matrix X, which is computed from a kernel function and has size |y|2.
A number of sparsification methods have been proposed in order to mitigate this
computational burden. For efficiency, in this work we adopt one such sparsification
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method: the Informative Vector Machine (IVM) [9]. The main idea of this algorithm
is to only use a subset of the training points denoted the active set, I, from which
an approximation g(f | X,y) = N(f | u,X) of the posterior distribution p(f | X,y) is
computed. The IVM algorithm computes g and X incrementally, and at every it-
eration j selects the training point (Xg,yx) which maximizes the entropy difference
AH i between g1 and g; for inclusion into the active set. As g is Gaussian, AH j
can be computed by

1 1
AHj = _510g|2jk|+§10g|2j—1|- 3)

We implement an efficient form of this, the details of which can be found in
Lawrence et al. [10]. The algorithm stops when the active set has reached a de-
sired size. In our implementation, we choose this size to be a fixed fraction of the
training set q.

To find the kernel hyper-parameters 6 of an IVM, two steps are processed in
a loop for a given number of times: estimation of 7 from # and minimising the
marginal likelihood ¢(y | X), thereby keeping J fixed. Although there are no conver-
gence guarantees, in practice already a small number of iterations are sufficient to
find good kernel hyper-parameters.

Importantly for our work, since inference with the IVM is similar to that with a
GPC, the IVM retains the model averaging described in Eq. (2). We argue, therefore,
that the IVM provides a significant and well-established improvement in processing
speed over a GPC while maintaining its introspective properties (see Sec. 5 and 5.4
for details).

4 Scalable Active Learning: Drive, Ask, Improve

The power of an active learning framework lies in its ability to select a suitable
training set in an application-oriented way. It thus inherently allows the system to
naturally adapt to the non-stationarity of the data often encountered in long-term
robotics applications. The active learning framework considered here provides for
supervised learning where a human operator furnishes class labels for selected test
data that are then fed back into classifier training to improve the classification result
of the next round. We therefore consider progress in terms of consecutive epochs,
which each consist of (re-)training, classification, and user-feedback. The imple-
mentation of a scalable active learning framework requires two problems to be
addressed: firstly, a subset of test data has to be selected for re-training such that
classification performance increases in the next epoch. Secondly, measures have to
be taken that guarantee that the training set is bounded in size, since otherwise the
algorithm will sooner or later exhaust the resources of a finite-memory, real robotic
system. We compare this active learning approach with what we call a “passive” al-
ternative, that is, training a classifier once without any subsequent human-feedback
improvement.
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We now outline the specific active learning algorithm employed in this work,
before providing details of both our data selection strategy and our approach to
forgetting (bounding the training set size).

4.1 The Active Learning Algorithm

Algorithm 1 describes our active learning framework which, for reasons given in
Sec. 3, uses an IVM as the underlying classifier. It requires five different input pa-
rameters: the initial hyper-parameters 6y used for training the IVM, the fraction y
of training points that are used for sparsification, the batch size b, the normalised
entropy threshold +# that a test point needs to exceed to be considered for retraining,
and the maximum number of questions r that the algorithm may ask. The last is
intended to minimise nuisance to a human operator due to being asked too many
questions. The sub-routines in the algorithm are explained as follows.

Algorithm 1: Active Learning with an IVM

Data: training data D = (X,y), stream of test data X*
Input: initial kernel parameters 6y, batch size b, active set size fraction y, minimal retraining
score ¢}, maximum number of questions r
Output: stream of output labels y*
i—0
while X* # 0 do
(0i+1,7i11) « TrainIVM(X,y,y,60)
move next b test points from X* into X
Pe—0
forall the x* € X7 do
7z« IVMPrediction(J1,0;+1,X*)
s « ComputeRetrainingScore(z)
if s> ¢ then P « PU{(X*,s)}

sort P by decreasing values of s

D 0

for j « 1 to MIN(#,|P|) do
(X;F, sj) « element j of P

y}' «—AskLabelFromUser (x}’)
DY« D U(x}*.,yj*.)
De—DUDY, i+l

TrainIVM uses the current training set, the active set fraction y, and the initial
kernel parameters to find optimal kernel parameters 6;,; and an active set J;;| as
described in Sec. 3.1. Throughout this work we employ a squared exponential kernel
with additive white noise, such that



8 Rudolph Triebel, Hugo Grimmett, Rohan Paul, and Ingmar Posner

7(xl-—xj)2
k(xi, X)) = 0pe” P +0,0i), 4)

where 6;; is the Kronecker delta, and 6 = {0']20, [ o’ﬁ} are the signal variance, the length
scale, and the noise variance.

IVMPrediction returns an estimate of the probability z that the next test datum
x* has a particular class label, as given in Eq. (2). Based on this probability, the
normalised entropy measure is then computed. The top ranked r test data exceeding
the retraining threshold ¢ are labelled by the user and added to the training set for
the next epoch.

4.2 Data Selection Strategy: What Questions to Ask?

The key element of an active learning algorithm is the strategy by which a new
test point x* is considered for re-training. In Algorithm 1, this is done in the sub-
routine ComputeRetrainingScore. An intuitive and well-explored indicator of
which data might be suitable for inclusion is the classification uncertainty associated
with x*. To characterise the uncertainty of the classification from the given class pre-
diction z = p(y. | X,y,X.), we adopt the measure of normalised entropy H(z), such
that for the binary case,

H(z) = —z-10gy(2) = (1 = 2) -logy (1 - 2), ®)

where H(z) € [0, 1], with high values representing high uncertainty.

This, indeed is central to our work. While, in principle, any classification frame-
work which provides a distribution over class labels as output can be used in our
active learning framework, intuitively we expect those with more realistic estimates
of these probabilities to be more effective for active learning. Thus, we expect more
introspective classifiers to perform better in the sense that they will ask more infor-
mative questions, leading to a higher learning rate. In Sec. 5, we will show that this
is indeed the case when comparing the proposed framework based on an IVM with
one based on a more commonly used, probabilistically calibrated SVM.

4.3 Forgetting Uninformative Data to Bound Memory Use

The main problem with the active learning framework as we presented it so far is that
in theory the training set can grow indefinitely, because there are no guarantees that
the algorithm will stop asking new questions. This makes the algorithm less flexi-
ble, especially if the input data can not be guaranteed to be within certain locality
bounds, for example in a life-long learning application. Therefore, and for run time
efficiency, we bound the size of the training set by removing points from it when
it exceeds a given target size ¢. To decide which points to remove, we leverage the
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information-theoretic instruments that the IVM already provides. After each train-
ing round, we keep the entropy differences given in Eq. (3) for all training points and
sort them in increasing order. Those training data which correspond to the first n; —¢
values, where n; is the current training set size, are then removed. Intuitively, this
method discards the data that were least informative during the last training round,
those which influence the classification performance the least. One caveat with this
method is that it assumes independence between the training data, which is not gen-
erally given. For example, two data may both have small individual AH values, but
when removing both of them the entropy could change significantly. In this work
we acknowledge but do not explore this phenomenon. Instead, we note that in our
experiments we did not observe a deterioration in classification performance when
we applied our method for forgetting.

5 Experimental Results

In this section we investigate the performance of our introspective active learning
approach in terms of learning rate, data selection strategy, classification performance
and tractability. We compare and contrast our approach with one based on the much
more commonly used SVM classifier (calibrated to provide probabilistic output).
The task we set both learners is to detect traffic lights in a third-party image dataset.
Specifically, we use the publicly available Traffic Lights Recognition (TLR) data
set [12], which comprises 11,179 colour images taken at 25 Hz from a car driven
through central Paris at speeds under 31 mph. It has ground-truth labels for traf-
fic light positions and subtype labels ‘green’, ‘orange’, ‘red’, ‘ambiguous’ (though
here we are only concerned with the detection of traffic lights, irrespective of their
state). As recommended by the authors of the dataset, we disregard labels of type
‘ambiguous’ and exclude sections where the vehicle was stationary for long periods
of time. We use data from the first 7,200 frames for training and the remainder for
testing. We compute a template-based feature set inspired by Torralba et al. [19]
which has a successful track record in the detection of traffic lights [6]. From each
of the training partition and the test partition we extract 1,000 positive windows and
10,000 negative windows, giving rise to 22,000 feature vectors of dimension 200.

As described in Sec. 4, our active learning algorithm is retrained after having
seen a batch of test points, as opposed to running the training algorithm after every
new datum encountered. During our experiments, the classifiers each go through 10
epochs. Every epoch consists of a training phase, a classification phase, and a feed-
back phase. At the very start of epoch 0, the classifiers are trained on a randomly
chosen 5% of the training set. During each classification phase, the classifiers are
then tested on a batch of 1,000 points randomly drawn from the test set. Then the
10 points with the highest normalised entropy (providing they are over a threshold
empirically set to be ©# = 0.97) are greedily added to the training set, ready for re-
training at the start of the next epoch. Note that each classifier IVM and SVM)
makes its own choices regarding which points to add for the next epoch.
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For these experiments, we used an active set fraction y of 0.2 (see Sec. 5.2 for
more details), which means that informative points will be added to the active set
until its size is 20% of the training set size. Training such a classifier takes approxi-
mately 10 minutes (on a single 800MHz core), and this time is almost entirely spent
optimising the kernel parameters. It does not impact either the learning rate or the
classification results in a significant manner if we only train the kernel parameters
during epoch 0 and keep those same values throughout. However, it does make train-
ing much faster, in fact it takes less than a second to decide on a new active set, so
the total training time stays constant at about 10 minutes.

5.1 Does Introspection Improve Active Learning?

One of the central claims of this paper is that the use of an introspective classifier
will lead to more informative questions being asked of the human expert. In order
to test this claim both an IVM and an SVM are initially trained on the same data.
Then, 1,000 new data are shown to both classifiers for testing. Each chooses 10
data points to add to their own training set for the next round, resulting in two new
and different training sets: the ‘IVM set’ and the ‘SVM set’. A new IVM and SVM
are now trained on each of the two new sets and evaluated on a further 1,000 new
data points. This process thus gives rise to four classifiers: two IVMs trained on data
selected by an IVM and a SVM respectively, and two equivalent SVMs. We compute
precision and recall for all four classifiers. The results after 100 repetitions of this
experiment are shown in Fig. 2. As expected, both the IVM and the SVM perform
better when trained on the dataset chosen by the initial IVM, suggesting that the
questions asked by the IVM tend to be significantly more informative. An unpaired
t-test shows this result to be significant to a level of over 99.9%. The overall effect
of introspection in an active learning setting is therefore an increased learning rate,
as shown in Fig. 3, where the IVM learner based on a normalised entropy selection
policy outperforms the equivalent SVM based method both in absolute terms per
epoch as well as in terms of relative increase (information gained) per epoch.

Fig. 3 further serves to justify empirically our choice of normalised entropy as a
valid criterion for data selection by comparing it to randomly selecting new training
data. Intuitively, both methods should improve classification by virtue of the fact
that they increase the training set size. However, the results indicate that for both
the IVM and the SVM, using normalised entropy leads to more rapidly improving
classification performance.

5.2 Does Forgetting Affect the Performance?

Our work aims to contribute an introspective active learning algorithm that is ef-
ficient in terms of computational effort and scalable with respect to its memory
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Fig. 2: The benefit of introspection. Data selected by an introspective classifier lead to an improved
learning rate in terms of precision and recall for both and IVM and and SVM over that selected
by a non-introspective classifier. Results are shown for 100 experimental runs. See text for more

details.
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Fig. 3: Classification performance and (learning rates) for both IVM and SVM variants as indi-
cated by the fi-measure after each epoch. Measurements are averaged over 100 runs. Error bars
indicate one standard error of the mean. The IVM using a normalised entropy-based data selection
strategy (IVM+NE) consistently outperforms all other active learning variants in terms of overall
performance and learning rate.
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requirements. In this section we investigate the efficacy of the mechanism we have
put in place to provide this tractability: forgetting. In experiments thus far new train-
ing data were added in each epoch. The IVM active set size is a fixed proportion of
the training set size, y = 0.2. This has the benefit of increasing classification perfor-
mance, but to the detriment of processing time. In the context of a life-long-learner,
this is not a scalable solution.

We therefore elect to cap the size of the training set at 550 data, which in turn
makes the computational effort constant at every epoch. This IVM+forgetting learner
can add new data, but only by simultaneously discarding a similar number. Fig. 4
(left) shows the level of sparsity for three different active learners: IVM, SVM,
and IVM+forgetting. The SVM sparsity is unbounded, and so grows rapidly with
training set size. The IVM active set size grows at 20% of the training set, but the
IVM+forgetting is constant past epoch 2. At epoch 2, the specified maximum train-
ing set size f has been reached and the IVM+forgetting learner starts to discard unin-
formative points. Fig. 4 (right) shows the corresponding classification performance
as characterised by the f; measure. It indicates that, in this case, the IVM+forgetting
mechanism performs no worse than the original IVM.

TIVM " Swm " IVM + forget x ' ' T "IVM —— | IVM + forget ~x
180 | p 1 ) . 1

160 -

140 - 0.8 -

F1-measure

120 [

Number of Support Vectors / Active Points

100 L L L L L L L L L L 0.6

Epoch Epoch

Fig. 4: Forgetting results in commensurate classification performance while successfully bounding
the active set size of the classifier. Each datum represents the mean (and associated standard devi-
ation) over 100 experimental runs. Left: The evolution of sparsity (number of support vectors for
the SVM, active set size for the IVM) over several epochs. Right: Classification performance with
and without forgetting. For corresponding SVM results, see Fig. 3.

5.3 What Does the Active Learner Ask?

In Figure 5 we show the 49 most certain and 49 least certain test cases at each epoch,
and whether they were correctly classified or not. Firstly, it is reassuring to confirm
that the certain classifications are always correct. The uncertain classifications start
off being very incorrect, and then the number of false instances decreases suddenly,
reaching zero by epoch 10. Secondly, the class fractions are of great interest: at
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epoch 1 the uncertain classifications are almost all instances of traffic lights, and
then as the learner asks questions to the human supervisor and improves, fewer and
fewer traffic lights make up the most uncertain images. In fact, traffic lights even start
to enter the most certain images by epoch 10. This shows how well the active learner
adapts to differentiating between classes after only a few rounds of retraining.

It is worth noting that many of the images are very uniform in colour, usually
a solid shade of dark grey (from the road) or white (from the sky), and that these
could be classed as not containing a traffic light immediately using a pre-processing
classification step. Although the IVM is fast at the testing phase, this could further
speed up the system.

Certain

Uncertain

el PEES
Epoch 1 Epoch 4 Epoch 7

Fig. 5: The 49 most certain and 49 least uncertain test classifications of an IVM at epochs 1, 4, 7,
and 10. A green border indicates a correct classification, and red for incorrect.

5.4 The Effects of Sparsity

In [6] we showed that the GPC is more introspective than other more commonly
used classification frameworks. In this paper we have argued the necessity of using a
sparse formulation for the sake of computational complexity, but first it is necessary
to make sure that the IVM is introspective in its own right. The useful characteristic
of an introspective classifier is that it tends to be confident when it is making true
predictions, and uncertain when it may be making false predictions. In addition, we
would like to see whether the introspective quality changes with the active set size;
intuitively, a truly introspective classifier will be more confident if it is exposed to
more data, and vice versa.
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Similarly to in [6] we have plotted the cumulative true and false classifications
against uncertainty in Figure 6. In the legend, “IVM-0.4" indicates an IVM with an
active set fraction y of 0.4, such that the active set contains 40% of the training set.
There are several things of note here. Firstly, we can see that looking at the curves
for the IVM-{0.2,0.4,0.6,0.8, 1.0}, indeed as we would hope, having a larger active
set results in a more confident classifier; however it is interesting to see that there
are diminishing returns: very little is gained between an active set fraction of 0.6 and
1.0. Secondly and most importantly, the IVM is introspective: if we threshold at, say,
NE = 0.5, we get no false classifications at all, and most of the true classifications.
Thirdly, even with an active set fraction of 1.0 the IVM is less confident than the
GPCs. We propose that this is due to the method by which the IVM optimises the
kernel parameters during each round of learning. The full GPC implementation uses
expectation propagation (EP), whereas the IVM essentially uses a 1-round equiva-
lent called Assumed Density Filtering (ADF). This ADF round is much faster than
EP but does not produce as good estimates for the kernel parameters.
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Fig. 6: We show the number of true (Left) and false (Right) classifications (positive and nega-
tive classes together) which are made with a normalised entropy lower than a chosen value. For
instance, if we were to threshold at NE = 0.6, we would have 88% of the positives with the SE
GPC, 80% with the the IVM-{0.4,0.6,0.8,1.0}, and 70% with the IVM-0.2. However, we would
also have fewer than 5 misclassifications. Here, IVM-0.4 represents am IVM with an active set
fraction y of 0.4, i.e. 40% of the training data in the active set.

6 Conclusion

The contributions of this paper are three-fold: firstly, the notion of introspective
classification introduced earlier is shown to be particularly important in the context
of active learning, where a reliable estimate of the classification uncertainty is re-
quired. We do this by showing an improvement in both classification performance
and learning rate over a non-introspective classifier (Sec. 5.1). Secondly, an efficient
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version of the Gaussian Process Classifier, namely the Informative Vector Machine
is used, which makes the approach particularly useful for robotics applications with
large amounts of data. We show visual examples of where it is confused and where
it is confident (Sec. 5.3), and use it to create the first offline semantic mapping algo-
rithm via active learning. And finally, we present an elegant, information-theoretic
solution to the problem of increasing memory requirements by forgetting the least
informative data, which further increases the significance of the approach for mobile
robotics applications (Sec. 5.2).
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Abstract— Classification precision and recall have been
widely adopted by robeticists as canonical metrics to quantify
the performance of learning algorithms. This paper advocates
that for robotics applications, which often involve mission-
critical decision making, good performance according to these
standard metrics is desirable but insufficient to appropriately
characterise system performance. We introduce and motivate
the importance of a classifier’s introspective capacity: the
ability to mitigate potentially overconfident classifications by an
appropriate assessment of how qualified the system is to make
a judgement on the current test datum. We provide an intuition
as to how this introspective capacity can be achieved and
systematically investigate it in a selection of classification frame-
works commonly used in robotics: support vector machines,
LogitBoost classifiers and Gaussian Process classifiers (GPCs).
Our experiments demonstrate that for common robotics tasks
a framework such as a GPC exhibits a superior introspective
capacity while maintaining commensurate classification perfor-
mance to more popular, alternative approaches.

1. INTRODUCTION

The semantic mapping of a robot’s workspace has become
a popular line of research in recent years. A rich body of
work now exists in which semantic labels are generated
based on a variety of sensor modalities and classification
frameworks (see, for example, [1]-[7]). Often, this is done
with an implicit understanding that the application is agnostic
to the classification method used: after all, for a number of
classification frameworks the resulting precision and recall
— quantities commonly used to characterise performance —
are often commensurate across a wide variety of applications.

Contrary to this now established status-quo, we advocate
that high precision and recall are desirable but do not suffice
to fully characterise classification performance in robotics.
The dimension missed is that spawned by a robot’s ability
to take action in ambiguous situations. For example, the
robot may query a human operator or seek additional data
for disambiguation rather than committing to a potentially
incorrect class decision. Crucially, and central to this paper,
this requires the classifier output to reflect an amount of
ambiguity appropriate to a given situation. Even when hard
class assignments are avoided by optimising an expected cost
or reward, as is the case for most mission-critical decision
making, a realistic estimate of uncertainty when modelling
the state of the world is crucial; an autonomous car that
misses a single traffic light with high confidence can suffer
disastrous consequences (see, for example, Fig. 1).

We argue that a classifier which is uncertain when it
makes mistakes but certain when classification is correct,
is more desirable than a classifier which makes correct and

Normalised Entropy
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Fig. 1: Uncertainty in classification output as measured using normalised
entropy for traffic light detectors based on five different classification
frameworks applied to the window shown in green. Note that all classifiers
incorrectly label this window as background (class decisions are not shown).
However, the GPC variants do so with a significant amount of uncertainty
while the others are inappropriately overconfident. Mission-critical decisions
based on overconfident output will lead to catastrophic failure while an
appropriately high amount of uncertainty when committing a mistake allows
for remedial action to be taken. Providing this more germane output is the
introspective quality we seek.

incorrect decisions with similarly high confidence. We are
therefore looking for a classifier’s capacity to mitigate its
assessment by an appropriate measure as to how ‘qualified’
it is to make a call given its own prior experience, usually
in the form of training data. Following classical decision
theory (e.g. [8]), mistakes are penalised by means of a loss
function. However, if the underlying classification framework
leads to an overconfident estimate of the class label, then
it will often be ineffective regardless of the high costs
imposed. Our work investigates this introspective capacity
in a number of classification frameworks commonly used
in robotics: support vector machines (SVMs), LogitBoosting
and Gaussian Process classifiers (GPCs). Our treatment and
findings apply to any aspect of robotics where action is
required based on inference driven by raw sensor data.
Here we choose to frame our exposition in the domain of
autonomous driving, where mission-critical decisions equate
to safety-critical decisions. To the best of our knowledge this
is the first work in robotics characterising the introspective
properties of commonly used classification frameworks.



II. RELATED WORKS

For a number of years now robots have routinely generated
and consumed higher-order abstractions from raw sensor
data. Successful applications are as diverse as the detection
of ground traversability (e.g. [9]), the detection of lanes for
autonomous driving (e.g. [10]), the consideration of classifier
output to guide trajectory planning and exploration (see,
for example, [11], [12]) or the active disambiguation of
human-robot dialogue [13]. These works commonly exploit
classification output on a model-trust basis: systems are opti-
mised with respect to precision and recall and egregious mis-
classifications — including vastly over-confident marginal
distributions obtained from some classification frameworks
— are accepted as par for the course. However, the suitability
of the classification framework employed with respect to its
introspective capacity has not previously been considered
in robotics. Thus, we consider motivating, defining and
investigating introspection in a robotics context to be the
primary contribution of our work.

The concept of introspection as introduced here is closely
related to considerations in active learning, where uncertainty
estimates and model selection steps are often employed
to guide data selection and gathering for an incremental
learning algorithm. Kapoor et al. [14], for example, present
an active learning framework for object categorization using
a GPC where classifications of large uncertainty (as judged
by posterior variance) lead to a query for a ground-truth
label and are subsequently used to improve classification
performance. Joshi ef al. [15] address multi-class image clas-
sification using SVMs and propose criteria based on entropy
and best-versus-second-best measures (see Section III) for
disambiguating uncertain classifications. Holub er al. [16]
propose an information-theoretic criterion that maximises
expected information gain with respect to the entire pool
of unlabeled data available. Hospedales er al. [17] discuss
optimising rare class discovery and classification using a
combination of generative and discriminative classifiers.

Our treatment of introspection is further informed by
an ongoing discussion in the machine learning community
regarding how to best account for variance in the space of
feasible classifier models when training on, essentially, an
incomplete set of data. For example, Tong and Koller [18]
present an incremental algorithm for text classification using
SVMs and the notion of a version space, the set of consistent
hyperplanes separating the data in a feature space induced
by the kernel function. Zhang et al. [19] introduce a max-
margin classifier achieving better generalisation to unseen
test data given a limited training corpus. Here, distinctiveness
of training instances is assessed using the local classification
uncertainty. A global classifier then incorporates these un-
certainties as margin constraints, yielding a classifier that
places less confusing instances farther away from the global
decision boundary. We share the intuition that accounting for
variance in version space when selecting a model leads to
an increased introspective capacity. As a secondary contri-
bution, therefore, our results serve to further corroborate this
intuition.

III. INTROSPECTION AND UNCERTAINTY

Introspection concerns not the final class decision but
rather the confidence with which this decision is made. The
concept is motivated by the desire to take appropriate action
when a classifier indicates high uncertainty. Our approach
to introspection is grounded in the fact that the often cited
assumption of independent and identically distributed (iid)
training and test data is routinely violated in robotics: in
the limit of continuous operation in the real world, one-shot
classifier training is unlikely to be performed on a complete
(or even fully representative) set of data.

Let a classifier map an input x € R? to one of a set of
classes C = {Cy,...,C} via an associated label y € C.
Prior to training, domain specific knowledge is often used to
constrain the family of classification models employed (for
example in the form of a kernel, a covariance function or
a type of base classifier). Classifier training then involves
learning a set of (hyper-) parameters given a training dataset
{X,Y}, where X = {xi,...,X;x} denotes the set of feature
vectors and Y denotes the set of corresponding class labels.
The training data implicitly give rise to a probability distri-
bution over the set of all possible models within the chosen
family, M, such that

(X, Y} > pm| X, Y), me M. (1)

With a slight abuse of notation, m here denotes any member
of the family of possible models, M. In reality it is a
function of the datum evaluated. In the following we make
this relationship explicit by conditioning on both a model (or
family of models) as well as on a test datum x,. Typically,
training leads to the selection of a single model, 7 from M
such that a prediction y, for a new, unseen feature vector X,
is obtained by approximating

PO | X, Y. x) = p(y. | m,x,), meM )

This is illustrated in Figure 2(a). Common examples of this
type of classification framework include SVMs and Boosting
classifiers, where an optimisation is performed to select the
best model given the training data (see Section IV). The
iid assumption here is inherent since it is assumed that 7
remains the best model for all predictions of unseen data.
Breaking this assumption therefore often renders the chosen
model suboptimal.

An alternative to the single model approach are classifi-
cation frameworks which take into account the entire set of
possible models in the specified family, such that

This case is illustrated in Figure 2(b). Here the shading
indicates the distribution p(m | X,Y) with darker shades
indicating increased probability. To aid intuition, predictions
of four randomly selected members of M are also illustrated.
Final predictions are made by taking into account opinions
from all members of M, often via the computation of an
expectation such as for a GPC (see Section 1V). Crucially,
when considering an expectation over all of M, the increased
variance in feasible (and therefore likely) models at a dis-
tance from the training data leads to a moderation of the
class predictions. This is the introspective quality we seek.
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Fig. 2: An illustration of the two types of classification frameworks considered: (a) during training a single model is selected to classify an unknown
datum x, some way removed from the training data; (b) training leads to a distribution over models which is considered entirely to arrive at the final
prediction. This illustration is for the family of linear models (indicated by solid (a) and dashed (b) lines). Each predictor is further annotated with its
individual prediction. The overall predictive distribution is shown in the bottom right of each subplot. The shading in part (b) indicates the probability
weights associated with individual models. Darker regions contain more weight. Note that the overall predictive distribution in (a) stems from the single
model used and is, in this case, inappropriately confident. In part (b), however, the overall predictive distribution is moderated by computing the expectation
over all models. This gives rise to a much more appropriate uncertainty estimate — the introspective quality we seek. (Best viewed in colour.)

A. Quantifying Introspection

In order to characterise the introspective capacity of a clas-
sification framework a transferable measure of the inherent
uncertainty in the classification output is required. For this
purpose, we use an information-theoretic quantity known as
normalised entropy, Hy, defined as

-2 PO =CilWlogg [py = Ci %] ()

CiEC

Hy =

This is equivalent to the Shannon entropy measure nor-
malised by its maximum, which is the entropy of the |C|-
dimensional uniform distribution, log(|C|). The result is a
measure ranging between O and 1 where a higher value
indicates greater uncertainty in the classifier’s belief.

An alternative uncertainty measure proposed in the active
learning literature is the best-versus-second-best (BvSB)
heuristic [15] calculated as the difference between the largest
and the second largest class likelihood estimates. This mea-
sure attempts to characterise the reliability of the maximum
likelihood estimate rather than encoding the shape of the full
distribution over class labels. The BvSB and normalised en-
tropy measures are closely related in the binary-classification
setting which is the case in this paper. We use normalised
entropy throughout the remainder of this work due to its
appealing information-theoretic interpretation.

IV. CLassIFIcATION FRAMEWORKS

We now present a brief overview of the specific classifica-
tion frameworks considered in this work: SVMs, LogitBoost
classifiers and GPCs. We focus on properties pertinent to
introspection. Specifically, we describe the mechanism by
which parameters are learned and how probabilistic output
is obtained. For simplicity, but without loss of generality, this
work considers predominantly binary classification such that
C = {Cy,C,}. For consistency we adhere to notation com-
monly found in the literature where a discriminant function

is often denoted as f(-). We note that this is equivalent to a
particular model m as described in the previous section.

A. Support Vector Classification

SVM classification is well established in robotics so that
we provide here only an overview!. SVMs are based on a
linear discriminant framework which aims to maximise the
margin between two classes. The model parameters are found
by solving a convex optimisation problem, thereby guaran-
teeing the final classifier to be the best feasible discriminant
given the training data. Once training is complete, predictions
on future observations are made based on the signed distance
of the observed feature vector from the optimal hyperplane,
such that

N
flx) = ) ayik(xi, x.) + b, )
i=1

where N is the size of the training set, ; refers to a Lagrange
multiplier associated with datum i, b denotes a bias parameter
and k(x;,X;) denotes the kernel function. Both ; and b are
obtained by training, and «; is then non-zero only for support
vectors X;. The kernel function amounts to a scalar product
between two data, which have been transformed from d-
dimensional feature space into some higher dimensional
space. The nature of this mapping between spaces is inherent
in the choice of kernel and need not be specified explicitly
(the kernel trick). The regularization and kernel parameters
are learnt using cross-validation. We discuss our choices of
kernel functions in Section IV-D.

In its original form, the SVM classifier output is an
uncalibrated real value. A common means of obtaining
a probabilistic interpretation is Platt’s method [21]. Here,
using a hold-out set not used for classifier training, a para-
metric sigmoid model is fit directly to the class posterior

IFor a detailed account the reader is referred to, for example, [20].



p(y. = C1 | f(x4)), such that

1
Py« =Cr| f(x) = (6)

1 +explaf(x.) +b)

The sigmoid parameters a and b are chosen via cross-
validation using a model-trust optimisation procedure. Note
that class likelihoods are derived here using only a single
estimate of the discriminative boundary obtained from the
classifier training procedure. No other feasible solutions
are considered. Hence, the predictive variance of the dis-
criminant f(x) is not taken into account while determining
probabilistic output [22]. Further, no guarantees exist that the
optimisation itself is well-behaved?.

B. LogitBoosting Classifiers

Boosting is a widely used classification framework which
involves training an ensemble of weak learners in sequence.
The error function used to train a particular weak learner
depends on the performance of the previous models [8].
Each weak learner, h(x) is trained using a weighted form
of the dataset in which the data weights depend on the
performance of the previous classifiers. Predictions from a
boosted classifier are obtained using a weighted combination
of the individual weak learner outputs such that

M
sen(f(x.) = sgn(Zwihi(x*)), (7)
i=1

where M is the number of weak learners used.

LogitBoost [24] is a popular choice for a boosting-based
classifier as it directly outputs class probability estimates.
Weak learners are often chosen to be decision trees and
training is conducted by fitting additive logistic regression
models by stage-wise optimisation (using Newton steps) of
the Bernoulli log-likelihood. The algorithm works in the
logistic framework and yields a predictor function f(x) learnt
from iterative hypothesis training. Cross-validation is used
to set hyper-parameters like the learning rate, tree depth,
and the number of boosting rounds. The class-conditional
probabilities are obtained from the predictor function as

exp(f(x.))

P-=Cilx) = T +eprmy
The procedure possesses asymptotic optimality as a maxi-
mum likelihood predictor [24], [25]. However, the method
of converting the output of the predictor function to class-
conditional probabilities is not fully probabilistic and does
not account for variance in the underlying predictor func-
tion.

C. Gaussian Process Classification

Binary classification using a Gaussian Process (GP) [22],
[26] is formulated by first introducing a latent function
f(x) and then applying a logistic function o to obtain
the prediction p(y. = C; | x.) = o(f(X.)). A GP prior

2Throughout this work we use LIBSVM [23] for SVM training, calibra-
tion and testing.

3Throughout this work we use the Matlab implementation of LogitBoost
for classifier training and testing.

is placed on the latent function f(x) ~ GP(u(x),k(x,X))
characterized by a mean function u(x) and a covariance
(or kernel) function k(x,x ). GPC training establishes values
for the hyper-parameters specifying the kernel function k by
maximising the log marginal likelihood of the training data.

Probabilistic predictions for a test point are obtained in
two steps. First, the distribution over the latent variable
corresponding to the test input is obtained using Equation (9).
Here, p(f | X,¥) = p(Y | Hp(f | X)/p(Y | X) is the

posterior distribution over latent variables.

D | XY %) = f P | Xoxe P | X DA (9)

This is followed by marginalising over the latent f, to yield
the class likelihood p(y.=C; | X, Y, x.) as

PO = C1 1 X Yox,) = f (P | X Yox)dfe. (10)

Exact inference is analytically intractable due to the non-
Gaussian logistic likelihood function. Instead we leverage
expectation propagation (EP) [27], a method widely used
for this purpose.

The GPC framework offers two key benefits over the other
approaches discussed here [22]. Firstly, the classification
output has a clear probabilistic interpretation as it directly
results in the class likelihood. In contrast, neither the SVM
nor the Boosting framework provide inherently probabilistic
output but instead estimate a suitable calibration. Secondly,
and crucially, the GP formulation addresses uncertainty or
predictive variance in the latent function f(x) via marginali-
sation (or averaging) over all models induced by the training
set resulting in the estimate p(y.=C; | X, Y, x.) from Equa-
tion (10)*. Again this is in contrast to the SVM or Boosting
estimate p(y = C; | f,x,) that rely on a single discriminant
estimate f : X — Y learnt via minimisation. In the context
of introspection, the ability to account for predictive variance
is a key advantage of generative classification approaches”.

D. Kernel Types

Evaluation of the discriminant function for an SVM and
the covariance matrix for GPC inference both require the
specification of a kernel function, k(-,-). A rich body of
literature exists on different choices of kernels for both
frameworks. However, since our focus here is on a like-
for-like comparison of different classification frameworks
we choose two representative kernels rather than performing
exhaustive model selection to optimise performance for a
particular application. Firstly, as an example of the simplest
kernel function available, we consider the linear kernel
defined as

(an

where ¢ is a constant real number. The linear kernel is an
apt choice where a linear separation of the data in feature
space leads to adequate performance or where computational

T
kuN(Xian) = X;Xjtc¢,

4This process also gives rise to the well known property of increased
variance while far away from the data in GP regression.

SThroughout this work we use the GPML toolbox [28] for GPC training
and testing.



efficiency is of the essence. Often, however, a more sophis-

ticated, non-linear kernel is required. In this category we

use the squared exponential (SE) function as a canonical

representative. The SE kernel with length scale parameter /
is defined as

1

kaix) = exp(-=lxi-xiF).  (12)

In the context of an SVM, the SE function is more

commonly known as a radial basis function (RBF). In the

following we will adhere to convention and refer to SE GPCs
and RBF SVMs.

V. EXPERIMENTAL RESULTS

Our experiments investigate the introspective capacity of
the classifiers introduced in Section IV in an autonomous
driving setting. Specifically, we focus on the classification of
road signs and the detection of traffic lights. In investigating
both classification and detection we aim to address the full
spectrum of applications commonly encountered in robotics.
The two are distinct in that classification addresses the case
where a decision is made between two, well-defined classes
(e.g. two types of traffic signs) and investigates classifier
performance as a third, previously unseen class is presented.
The detection case is arguably the more common one in
semantic mapping where a single class is separated from
a broad (in terms of intra-class variation) background class.
Here, the concept of a previously unseen class does not exist
but the inherent assumption is that the data representing the
background class are sufficiently representative to capture
any non-class object likely to be encountered. In practice,
this is often not the case, leading to a significant number of
misclassifications. While it could be argued that this problem
is ameliorated somewhat by expanding the dataset used for
training, we propose that the complexity of the workspaces
encountered during persistent, long-term autonomy will keep
perplexing even the most rigorously trained classifier.

A rich body of work on the detection and classification
of road signs and traffic lights has established a successful
track record of template-based features for this purpose.
Specifically, we leverage the approach proposed by Tor-
ralba et al. [29] in which a dictionary of partial templates
is constructed, against which test instances are matched. A
single feature consists of an image patch (ranging in size
from 8% 8 to 14x 14 pixels) and its location within the object
as indicated by a binary mask (32 x 32 pixels). For any given
test instance, the normalised cross-correlation is computed
for each feature in the dictionary. Therefore, per instance (or
window, in the detection case) a feature vector of length d
is obtained, where d is the size of the dictionary. We found
empirically that d > 200 leads to negligible performance
increase in classification. Throughout our experiments we
therefore set d = 200.

A. Introspection in Classification

This section investigates classification output when a third,
previously unseen class is presented to the classifier. As
examples of classes typically encountered in autonomous
driving applications we use a subset of the German Traffic

I |
A

roadworks ahead  right ahead stop keep left
(1500) (688) (780) (298)

lorries prohibited
(420)

speed limit
(1980)

TABLE I: The seven classes of the German Traffic Sign Recognition
Benchmark dataset considered in our work. The numbers in brackets indicate
the number of data available per class.

[ Classifier [ Precision | Recall [ F; |
SE GPC 1.000 0.990 0.995
RBF SVM 1.000 0.995 0.997
Linear GPC 1.000 0.990 0.995
Linear SVM 1.000 0.990 0.995
LogitBoost 1.000 0.965 | 0.982

TABLE II: Classification performance when separating stop sign from the
lorries prohibited signs. Note that different class combinations were found
to yield classifiers of similar quality.

Sign Benchmark (GTSRB) dataset [30], which comprises
over 50,000 loosely-cropped images of 42 classes of road
signs, with associated bounding boxes and class labels. From
this dataset we specifically focus on the seven classes shown
in Table I. We arbitrarily select two classes for training: stop
and lorries prohibited. To investigate the efficacy of the fea-
tures used and training procedures employed, classifiers were
trained separating these two classes using a balanced training
set of 400 data (200 per class) and applying a canonical
training procedure for each classifier type, including five-fold
cross-validation where appropriate. Classifier performance
was evaluated using standard metrics on a hold-out set of
another 400 class instances (200 of each class) of the same
two classes. The results are shown in Table II. Classification
performance is commensurate across all classifiers. The cor-
responding precision-recall curve confirms the near-perfect
separation of the classes and has been omitted here as it is
otherwise uninformative. The classifiers are next retrained
using the full 800 training data (400 per class) and the same
canonical training procedures. They are then applied to 500
instances of the previously unseen class roadworks ahead.
The resulting normalised entropy histograms are shown in
Figure 3. The mean normalised entropies for the GPC-based
classifiers are significantly higher than those of the other
classification frameworks, indicating that the the GPC-based
classifiers exhibit greater uncertainty in their judgement.
Conversely, the RBF SVM and the LogitBoost classifier are
extremely confident in their classifications with a very narrow
distribution around a relatively low value of normalised
entropy. This was an effect consistently observed throughout
our experiments, which we attribute to the relatively gradual
decay of the estimated class posterior probabilities through
feature space often encountered far away from the decision
boundary. Features from an unseen class which are located
in feature space at a distance from the decision boundary
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Fig. 3: Normalised entropy histograms of the marginal probabilities for five classifiers trained on the road sign classes stop and lorries prohibited and
tested on 500 instances of the unseen class roadworks ahead. Higher normalised entropy implies more uncertainty in classifier output. Note that the mean

normalised entropy for the SE GPC is higher than that of the others.

Test Class Classifier Normalised Entropy
=+ std. err. | o+ std. err.
SE GPC 0.504 + 1.92E-03 | 0.110 + 9.35E-05
- [/ RBF SVM | 0.313 + 1.33E-04 | 0.012 + 2.12E-06
! Lin GPC 0.245 + 9.34E-04 | 0.173 + 9.19E-05
| 7 Lin SVM 0.106 + 4.77E-04 | 0.107 = 2.51E-04
‘ Logit 0.015 + 2.72E-05 0.009 + 4.11E-05
SE GPC 0.487 + 1.70E-03 | 0.139 + 7.67E-05
RBF SVM | 0.310 = 1.13E-04 | 0.017 + 3.72E-06
Lin GPC 0.286 + 8.09E-04 | 0.179 + 6.24E-05
Lin SVM 0.076 + 3.72E-04 | 0.097 + 2.43E-04
Logit 0.012 + 1.79E-05 0.007 + 1.27E-05
SE GPC 0.723 + 4.91E-04 | 0.186 + 1.59E-04
RBF SVM | 0.306 = 1.03E-04 | 0.095 + 7.96E-05
Lin GPC 0.680 + 4.75E-04 | 0.235 + 1.11E-04
Lin SVM 0.634 + 7.29E-04 | 0.267 + 4.28E-05
Logit 0.021 + 1.07E-04 | 0.031 + 7.10E-04
SE GPC 0.804 + 6.08E-04 | 0.163 + 1.72E-04
RBF SVM | 0.335 + 1.43E-04 | 0.050 + 1.26E-05
Lin GPC 0.811 + 4.39E-04 | 0.184 + 1.66E-04
Lin SVM 0.642 + 3.24E-04 | 0.294 + 9.19E-05
Logit 0.017 + 3.62E-05 0.018 + 2.06E-04
SE GPC 0.259 + 2.36E-03 | 0.116 + 1.37E-04
RBF SVM | 0.255 + 1.28E-04 | 0.027 + 5.26E-06
Lin GPC 0.155 + 9.27E-04 | 0.140 = 2.61E-04
Lin SVM 0.043 + 7.82E-05 0.059 + 1.26E-04
Logit 0.007 + 1.29E-07 0.007 + 2.31E-05

TABLE III: Mean and standard deviation normalised entropies (including
standard errors) from ten iterations of classifier training and testing, each
with a randomly created dictionary and both training and test datasets
resampled. Results are presented for classifiers trained on the road sign
classes stop and lorries prohibited and tested on five different unseen classes
as shown.

therefore only span a very narrow range of estimated class
posterior probabilities.

In order to mitigate any influences of the specific feature
set used and the specific training and test data selected we
repeated the above experiment across a number of random
dictionaries, data samples and unseen classes. Specifically,
for each of five different unseen classes, we perform ten
iterations of classifier training and testing with a random
dictionary and training and test datasets resampled for each
run. The results, presented in Table III, are consistent with
those in Figure 3 in that the GPCs tend to be more uncer-
tain while SVM and LogitBoost are more confident with
an often significantly narrower distribution of normalised
entropy values. The results in Table III indicate that the
gap in uncertainty between the different frameworks is more
pronounced for some unseen classes than for others. We
attribute this to the varying degree of similarity in feature
space between the unseen class and the classes in the training
set. A more in-depth analysis of this phenomenon remains
future work.

[ Classifier | Precision [ Recall [ F| |
SE GPC 0.976 0.909 0.941
RBF SVM 0.982 0.931 0.956
Linear GPC 0.970 0.912 0.940
Linear SVM 0.979 0.929 0.953
LogitBoost 0.963 0.928 0.945

TABLE IV: Performance on a holdout set of 2000 instances of classifiers
trained on data from the TLR data set.

B. Introspection in Detection

We investigate the same classification frameworks as be-
fore on the task of traffic light detection. To this end we use
the Traffic Lights Recognition (TLR) dataset [31], which is
a sequence of colour images taken by a monocular camera
from a car driving through central Paris. The TLR dataset
comprises of just over 11,000 frames, where most of the
traffic lights have been labeled with bounding boxes and
further metadata such as the status of the signal or whether
a particular label is ambiguous (e.g. the image suffers from
motion blur, the scale is inappropriate or a traffic light is
facing the wrong way). A few traffic lights have been omitted
altogether. As suggested by the authors of [31], we exclude
from our experiments any labels of class ambiguous or
yellow signal and any instances which are partially occluded.
We also remove any section of the sequence where the car
is stationary and the lights are not changing. We split the
dataset into two parts (at frame 7,200 of 11,178), with an
approximately equal number of remaining labels in each
part and with no physical traffic lights in common. Positive
data are extracted as labeled. Negative background data are
extracted by sampling patches of random size and position
from scenes in the dataset while ensuring that the patches do
not overlap with positive instances. The data are then split
into training and test sets and classifiers are trained as before.

Again, we first verify the efficacy of the features selected
and the training procedures employed. Table IV shows the
classification performance for classifiers trained on 1,000
examples and evaluated on a hold-out set of 2,000 data. For
completeness, Figure 4 shows the corresponding precision-
recall curve. As before, classification performance accord-
ing to conventional metrics is commensurate across all
frameworks. In Figure 5, however, we demonstrate how the
lack of introspection can impact classification performance
when accept/reject decisions are guided by classification
confidence. Specifically, we show the cumulative effect of
accepting classifications below a given uncertainty threshold.
First we note that when classifications are accepted at any
level of uncertainty (i.e. up to and including unity normalised
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entropy) all classification frameworks are commensurate
in terms of true positives and true negatives (top row of
Figure 5). This further corroborates the accuracy figures in
Table IV. However, true positive and negative classifications
occur generally at higher certainty (i.e. as normalised entropy
tends to zero) for SVMs and LogitBoost classifiers than for
the GPC variants. The latter are overall less certain about a
significant number of correct classifications. The bottom row
of Figure 5 indicates that SVMs and LogitBoost classifiers
are also significantly more confident when misclassifying
data (an example of this is also shown in Fig. 1). Significant
numbers of mistakes are made at relatively low normalised
entropy thresholds. The GPC variants, in contrast, accu-

mulate comparable numbers of classification errors only at
higher normalised entropy thresholds. The price paid for this
more realistic assessment of the classification output is a
reduction in correct classifications above the normalised en-
tropy threshold. Note that this does not mean that subsequent
samples are misclassified. It only implies that some other
remedial action might be taken — for example obtaining
label confirmation from a human or gathering otherwise
additional data to aid disambiguation.

VI. CoNcLUSIONS

This work demonstrates how performance metrics tra-
ditionally used in machine learning for classifier training
and evaluation may be insufficient to characterise system
performance in a robotics context, where a single misjudge-
ment can have disastrous consequences. To remedy this
shortcoming, we propose the concept of introspection: the
ability to mitigate potentially overconfident classifications by
a realistic assessment of predictive variance. Our experimen-
tal results imply that, despite commensurate performance
as measured by more conventional metrics, GPCs possess
a more pronounced introspective capacity than other clas-
sification frameworks commonly employed in robotics. We
attribute this to their accounting, at test time, for predictive
variance over the space of feasible classification models. This
is in contrast to other commonly employed classification
frameworks which often only consider a one-shot (ML or



MAP) solution. GPCs appear therefore better suited than
the other frameworks investigated to applications where a
realistic assessment of classification accuracy is required.
Crucially, this includes many decision-making problems
commonly encountered in robotics.

We have not, at this stage, considered the computational
complexity of the approaches presented. Though GPCs in
their basic form are notoriously expensive, more elaborate
schemes exist which reduce the computational burden re-
quired for GPC inference. Our future work will investigate a
variety of these schemes for suitability for real-time perfor-
mance in autonomous driving tasks. Our work also holds
implications for robotic active learning and exploration,
which opens up additional avenues of research we intend

to explore.
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Abstract:

Road markings embody the rules of the road whilst capturing the upcoming
road layout. These rules are diligently studied and applied to driving
situations by human drivers who have read Highway Traffic driving
manuals (road marking interpretation). An autonomous vehicle must
however be taught to read the road, as a human might. This paper
addresses the problem of automatically reading the rules encoded in road
markings, by classifying them into seven distinct classes: single boundary,
double boundary, separator, zig-zag, intersection, boxed junction and
special lane. Our method employs a unique set of geometric feature
functions within a probabilistic RUSBoost and Conditional Random Field
(CRF) classification framework. This allows us to jointly classify extracted
road markings. Furthermore, we infer the semantics of road scenes
(pedestrian approaches and no drive regions) based on marking
classification results. Finally, our algorithms are evaluated on a large real-
life ground truth annotated dataset from our vehicle.
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14 Abst.ract—Road ma}rkmgs embody the rules of the roa.d. whilst
capturing the upcoming road layout. These rules are diligently

15 studied and applied to driving situations by human drivers

16 who have read Highway Traffic driving manuals (road marking

17 interpretation). An autonomous vehicle must however be taught

18 to read the road, as a human might. This paper addresses

19 the problem of automatically reading the rules encoded in

20 rf)ad markings, by classifying them into seven 'distinct. classes:
single boundary, double boundary, separator, zig-zag, intersec-

21 tion, boxed junction and special lane. Our method employs a

22 unique set of geometric feature functions within a probabilistic

23 RUSBoost and Conditional Random Field (CRF) classification

24 framework. This allows us to jointly classify extracted road

o5 markings. Furthermore, we infer. the se.mantics of road scenes

26 (pedgstrla.n approaches. and no drive re.glons) based on marking
classification results. Finally, our algorithms are evaluated on a

27 large real-life ground truth annotated dataset from our vehicle.

28

29 Index Terms—Road marking classification, scene understand-

g? ing, scene interpretation, situational awareness

32

33 I. INTRODUCTION

34 For life long autonomous driving to occur, there needs

35 to be some degree of situational awareness on the part of

36 the robotic car, allowing it to safely navigate its environ-

37 ment. Formally, situational awareness is defined as a three

38 level process involving “the perception of elements in the

39 environment within a volume of time and space, and the

40 comprehension of their meaning, and the projection of their

41 status in the near future” [1]. In the context of autonomous

42 driving, the ultimate goal of situational awareness is to assist

43 in informative decision making.

44 We approach situational awareness in terms of interpreting

45 the underlying meaning of road markings, thus allowing a

46 vehicle to read the road ahead, as shown in Figure 1. Here,

47 reading the road refers to an online process of classifying

48 and interpreting road markings along unknown roadways.

49 This greatly contrasts offline approaches (such as [2],

S0 [3] ) where a semantic prior map (of road markings for

51 example) is first created by surveying known roadways, and

52 a vehicle localises against this map when traversing the same

53 known roadway. The two main disadvantages of the offline

54 approach is that the vehicle cannot interpret a new area

55 without first creating an offline semantic map of that area;

gg and roads are changing due to maintenance, construction and

58 Manuscript received ...

59 Mobile Robotics Group, University of Oxford

60 {bonolo,ingmar,pnewman } @robots.ox.ac.uk

Figure 1: Reading the road requires classifying and interpret-
ing the meaning of road markings in the road scene. Here,
each colour represents a unique road marking class.

roadworks [4], [5]. Although roadworks are temporary, their
frequency of occurrence is surprisingly high. In 2009/2010
alone, Transport for London reported an estimated 370 000
roadworks [6], a figure that is typical for most major cities.
Thus our online approach to reading the road allows a
vehicle to interpret any road scene without relying on offline
semantic maps.

Highway Authorities worldwide publish technical reports
detailing meanings and placements of road markings to aid
human drivers in reading the road scene ahead. A driver can
predict upcoming road topology, know the set of permissible
manoeuvre and keep to the correct lane, based on interpreting
road markings. An autonomous vehicle must however be
taught to automatically read and interpret road semantics as
a human might - this motivates our work.

This paper makes three contributions: Firstly, we propose a
new probabilistic framework for classifying and interpreting
road markings in images. Our framework accommodates a
varying graphical model structure (each road scene gives rise
to a unique structure). Secondly, we create a benchmarking
ground truth class annotated dataset containing 2068 images
and over 13099 unique annotations, the largest of its kind
to date, to the best of our knowledge. Large road marking
databases are hard to come by, apart from [7] which does
not contain class labels (and has just 116 images) and [8]
which has bounding box ground truth labels of painted road
signs in 1208 images. Thirdly we show how traffic-light
controlled pedestrian crossings and no-drive regions can be
automatically detected from classified road markings.
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Following a review of related works in the next section, we
discuss our representation in Section III, our road marking
classification framework in Section IV, evaluations in Section
V, and finally conclude in Section VL.

II. RELATED WORKS

Road marking classification and interpretation is a problem
that is of great interest to the intelligent transportation com-
munity. In earlier work, Charnonnier et al. extract parameters
such as dash modulation and line width by representing lane
markings as polygons of grouped detections; and could also
detect arrow type road markings [9].

The simplest approaches to road marking classification
use template matching, such as [10] for the recognition of
crosswalks and arrows using single or repetitive rectangular
pattern templates, and [11] for detecting arrow markings.
Template matching approaches generally perform poorly
when the road markings are partially observed or occluded.

Descriptor and Fourier-analysis based approaches have
also been proposed before. Wu and Ranganathan’s HOG-
based (Histograms of Oriented Gradients) [12] road marking
speed sign, arrow and word detection [8] algorithm uses
Feature matching, followed by structural matching to capture
the 2D geometry of FAST interest points. Collado et al.’s lane
interpretation system for classifying continuous, discontinu-
ous and merge type lanes [13] uses Fourier analysis on the
intensity line profile of thresholded images for classification.
Thresholds are applied to the resulting Fourier power spec-
trums within heuristically determined frequency bands. In
later work [14] identify one-way, two-way or freeway roads
based on Fourier analysis of road markings to classify them
as continuous, broken or merge lines.

Prior geometric information has also been exploited be-
fore: zebra crossings and dashed lines were reconstructed in
[15] where known 3D size and shape information of dashed
lines and zebra crossing road markings was exploited. A
signature-based recognition approach exploiting the align-
ment of edges with the road axis was used: projections of
the edges along horizontal and longitudinal axes provide
accumulation signature features [15] (e.g. repetitive peaks
for zebra crossings versus a pair of peaks for dashed lines
in the transverse axis) where the road axis is estimated to be
the most frequently occurring orientation of 2D line edges.
The system was tested on just 1km of data (150 stereo pair
images).

In recent years, classifier based approaches have become
popular, and examples include a decision tree classifier for
intersection road markings trained on six numerical features
based on relationships between the road marking border
points and an extracted RANSAC line fit [16], moments
to capture shapes of arrows and straight lines [17], and an
Artificial Neural Network (ANN) classifier with invariant
spatial moments, histogram projections and normalised an-
gular measurement features for recognising 6 road marking
arrow types and 17 alpha numeric characters [18]. Finally, a

Figure 2: Zig-zag approach road markings lead up to a traffic
light controlled pedestrian crossing. Classifying zig-zag ap-
proaches therefore provides strong priors for the location of
traffic lights and pedestrians.

generative learning method based on eigenvectors was used
by [19] to recognise arrow and numbered markings.

In the most related work, Duchow and Koertner detect
individual lane segments and aggregate these into intersection
lanes [20]. A machine learning approach is proposed where a
set of features (width, length, orientation, position, intensity
differences and deviations) is extracted from triplet groups
of lane marking segments and a Support Vector Machine
(SVM) is trained to classify lane segments as belonging to
the same lane or not [20]. Triplets are then combined to form
lane boundaries. Importantly, this approach requires no use
of prior information (digital maps or geometric road models)
and neighbourhood information is captured by considering
triplets of road markings at a time. Although [20] considers
only intersection classes, their work is the most related to
ours as relationships between neighbouring road marking
segments are exploited by the classification framework and
no explicit geometric priors are used, similar to our approach.

Unlike previous work which focuses on finding arrows and
painted traffic signs on roads [8], [11], [16]-[19], classifying
solid and dashed lines [13], intersections [20] and zebra
crossings [10], [15], to the best of our knowledge, we
are the first to address the problem of road marking joint
classification (where markings are classified together, relative
to each other) and interpretation (deriving the semantics of
road scenes from road markings) for situational awareness.
Furthermore, our framework scales well with the number of
road marking classes to be classified. Thus, with available
data, additional classes can readily be incorporated into the
classification framework.

III. REPRESENTATION

Our goal is for a vehicle to read and interpret the rules
of the road encoded in road markings in order to gain a
sense of situational awareness of the current and upcoming
road topology. For example, observing zig-zag approach road
markings informs a vehicle that there is an upcoming traffic
light controlled pedestrian crossing (see Figure 2). Successful
recognition of zig-zag approaches therefore provides strong
priors for the location of traffic lights and pedestrians, which
is useful also for cuing the appropriate detector modules.
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1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18 [ Class | Description | Abbreviation | Colour |
19 1 Single boundary SGL Red
20 2 Double Boundary DBL Green
21 3 Separator DIV Magenta
22 4 Zig-zag ZIG Cyan
23 5 Intersectiop INT Yellow

6 Boxed Junction BJ Blue
24 7 Special Lane SPL Orange
gg Table I: Seven road marking classes we classify.
27
28
29 A. Seven Road Marking Classes
30 We classify the seven types of road markings shown in
31 Table I and the accompanying figure. Here, three observations
32 are made:
33 o The number of lanes influences the type of road mark-
34 ings present. We presently do not rely on having prior
35 knowledge of the number of lanes present, however
36 in future work this is a parameter we will learn from
37 combining local vehicle observations with web-based
38 sources.
39 e The class of a specific road marking is strongly in-
40 fluenced by that of its neighbours (notice how sim-
41 ilar colours/classes are clustered). We therefore model
jg the relationships (connectivity) between road markings
44 based on proximity.
45 « The perspective effect in the images distorts the true
46 lengths, orientations and positions of road markings.
47 Our method thus begins by removing the perspective
48 distortion to recover the true geometric properties of
49 road markings.
50
51 B. Inverse Perspective Mapping (IPM)
gg As a pre-processing step, we begin by removing the per-
54 spective effect from images using Inverse Perspective Map-
55 ping [21]. Perspective in road images distorts true lengths,
56 positions and orientations of road markings as shown in
57 Figure 3. This effect is especially pronounced in zig-zag
58 type markings (cyan colour) where the lengths of each road
59 marking segment appear to be different when, in reality, they
60 are the same length and one of two opposing orientations. To

IEEE Intelligent Transportation Systems Transactions and Magazine

Original Images

Inverse Perspective Transformed Images

Figure 3: Inverse Perspective Mapping (IPM) to remove the
perspective effect in images. Notice how, in the IPM images,
parallel lines no longer intersect at the vanishing point. Thus
true lengths, orientations and positions can be recovered.

address this, the linear perspective can either be implicitly
modelled [9], [16] or Inverse Perspective Mapping (IPM)
can be performed [8], [17]-[20], [22] to create a perspective
free bird’s-eye-view image. We adopt the latter approach and
compute a homography matrix H = KRK !, which defines
the one-to-one relations between the camera image pixels
and synthesised bird’s-eye-view pixels. Here, R is the virtual
rotation matrix and K is the camera’s intrinsic parameters.

C. Line Segment Representation

Assuming road markings have already been detected, a
geometric model is assigned to each marking based on the
system application. For lane detection and tracking applic-
ations, smoothness and continuity is an important consid-
eration, thus spline [23] based geometric models are often
used. We choose a line segment geometric model similar
to [13], [20]. A painted road marking segment is therefore
represented by a line segment (or series of line segments)
parameterised by two endpoints pa and pp, where the
midpoint locations, p¢c N (”LQPB), represent node locations
for our road marking connectivity graphical structure. Thus
we frame marking classification in terms of assigning the
most likely road marking class to each node.

IV. CONDITIONAL RANDOM FIELDS: ROAD MARKING
CLASSIFICATION

Conditional Random Fields (CRFs) are undirected probab-
ilistic graphical models for relational learning, initially pro-
posed by Lafferty et al. [24]. CRFs directly model the condi-
tional distribution over hidden variables x, given observations
z as p(x|z). In the graphical model, each node represents
the hidden states and observations. Thus, given a set of n
hidden states x = {x1,X2,...,Xn} and data z, the nodes
x; and their associated graph structure define the conditional
distribution p(x|z) over the hidden states (see Figure 5). Each
fully connected subgraph of this graph structure represents a
clique in the graph. Let C' be the set of cliques in the graph,
then a CRF factorizes the conditional distribution p(x|z) into
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a product of clique potentials ¢.(z,x.) where ¢ € C, and x.
and z are the hidden nodes and data of clique c, respectively.
Each clique potential ¢.(z, X.) is a strictly positive function
of the variable configuration and captures the compatibility
amongst variables in the clique (thus large values imply a
more likely configuration) [25]. The Conditional Random
Field model can therefore be written as:

p(x|z) = H Dz, %) (1

where the normalisation factor (partition function) is
Z(z) = >, [leccc #c(z,%c), which sums over all possible
label assignments. In the log-linear parameterisation of CRFs,
the potentials are described using a log linear combination
of feature functions:

¢C(Z7XC) = eXP(WcT : fc(Z,Xc)) 2)
T

where w_ is the weight vector we need to learn and
f.(z,x.) is a feature function extracting a vector of features
in a clique. Here, large weights imply high compatibility
and low weights a less likely configuration. Thus, the log-
likelihood parameterisation of a CRF can be written as

p(x|z) = exp {Z wl - f(z, % } 3)

where Z(z) = > exp {3 .cc WE
partition function.

CRFs avoid encoding distributions over just the variable
z which allows great flexibility in choosing a rich set
of continuous observed variables (feature functions) whose
dependencies may be difficult to model (no simple paramet-
ric form) or understand. We can therefore exploit domain
knowledge to define a set of discriminative features without
needing to model their joint distribution [26].

-fe(z,%c)} is the new

A. Graphical Structure

The graph structure (connectivity) captures relationships
between road marking segments. In the Figure of Table I,
we observe that road markings belonging to the same class
tend to be spatially clustered into groups (notice how the
same colours in the image appear clustered). This implies
that adjacent road markings are likely to belong to the same
class, thus nodes should be connected to their closest neigh-
bours. We therefore use Delaunay triangulation (the nearest
neighbour graph is a subgraph of Delaunay Triangulation
[27]) to create a graph structure of road markings, assuming
a locally planar road surface. Here, a unique graph structure
exists per training example as illustrated by Figure 4.

B. Conditional Log Likelihood Training and Inference

In parameter estimation, we are given the training dataset
of M examples and associated graphical structures. Our aim
is to estimate the parameters w’ in Equation 3 that best

Figure 4: Road marking graph structures created using
Delaunay Triangulation. Notice how each example is unique.

model the data. Let § = [v, w]| represent the combined para-
meters of the unary and binary features and F'(z, y) represent
all the features. The CRF learns the weights discriminatively
by maximising the conditional log likelihood of the training
data. Specifically, the log likelihood for M training examples
is given by:

M
=Y logZ(6,z,) (4)

m=1

ZG F(Zm,Xm)

This log likelihood function can be shown to be concave
because log Z(#, z) is concave [26]. No analytical form for
this log likelihood maximum exists thus we perform para-
meter estimation using an L2-regularised log-likelihood and
estimate the maximum using an iterative line search method
(quasi-Newton approach) which takes steps in parameter
space to improve the objective. L2-regularisation is necessary
because as more features are added to the CRF model, the
negative log-likelihood function decreases which could lead
to over-fitting. The regularisation essentially adds a penalty
for large parameter values [26].

Inference refers to estimating the marginal distribution of
each hidden variable x; or the most likely configuration
of all hidden variables x. These tasks rely on using belief
propagation, a message passing algorithm for estimating
marginal distributions over a graph [28]. In belief propaga-
tion, messages are passed through the graph structure of

log(p(x|z))
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1

2

3

4

5

6

7

8

9

10

11

12

13

14

12 Figure 5: Our CRF model for road marking classification.
17 The hidden states x; are the unknown road marking classes
18 and the observations z; (shaded orange) correspond to line
19 segment endpoints extracted from each road marking. This
20 graph is a probability distribution p(x|z) and each road image
21 example gives rise to a unique graph.

22

23

24 the model and each node passes on received messages to
25 its neighbours. Although this method is exact for trees,
26 forests and other graphs not containing loops, our Delaunay
27 triangulation connectivity creates loopy graphs, therefore we
28 apply loopy belief propagation (LPB) [29], an approximate
29 inference algorithm not guaranteed to necessarily converge
30 to the true probability distribution (inference is intractable).
31 We however found the performance of the LBP algorithm for
32 inference in our CRF model to produce good results, even
33 though convergence is not necessarily guaranteed.

34

35

36 C. Feature Functions

g; Feature functions for road marking classification describe
39 geometric and spatial properties of line segments and their
40 endpoints. The CRF learning algorithm associates an appro-
41 priate weight with each feature function given the training
42 data. In CRFs, local (unary) features depend only on a single
43 hidden state 7. Global (binary) features depend on two hidden
44 states ¢ and j.

45 1) Unary Feature Functions : We formulate eleven geo-
46 metric and spatial unary features capturing the properties of
47 a single node. Let us denote the line segment endpoints for
48 node ¢ as p4; and pp;, the midpoint as p¢;, and the x and y
49 segment endpoints for node i as (s, and pp; ) and (Pa; y
50 and pp; ) respectively. Let isint() be a function that returns
51 1 if there is an intersection and 0 otherwise, and /; denote the
52 line segment formed by joining p4 and pp. Then the unary
53 feature functions are:

54 Length: This feature measures the length of a line segment
55 and is useful for separating typically long road markings
56 (boundary, separator), medium length (zig-zag, special lane)
g; and short markings (intersection and special lane).

o Fiengin(ir26) =I| pai — s | )
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X-midpoint location: This feature measures the spatial
x location of the road marking in the image. This captures
the fact that boundary or zig-zag type markings tend to be
located towards the edges of the image whilst boxed junctions
tend to take up the entire image. Similarly, special lanes and
intersections are spatially located near the road boundaries.

fmidm (Z, Zi) = PCi,zx (6)

Y-midpoint location: For completion we also consider
the y-midpoint location of the road marking. Although we
removed the perspective distortion in the image, this feature
is useful particularly at intersections and roundabouts where
the overall orientation of road markings appears rotated.

fmidy(i7zi) = PCi,y (7

Delta-x: In addition to capturing the location and length
of a road marking line segment, it is also important to
have features that capture the regularities. The change in x
coordinates (delta x) feature captures the regular pattern of
zig-zag approaches. Recall how markings of the same length
and one of two orientations denote zig-zags. The delta x (and
delta y) feature is constant for zig-zag type markings. For
vertical type markings (boundaries, special lanes etc.) this
feature is close to zero.

fdeltaa:(iazi) :H PAi,x — PBi,x || (8)

Delta-y: This feature captures similar geometric properties
to delta x. Specifically, for zig-zag markings, this feature
is constant. For vertical markings it simply reduces to the
approximate length of the road marking and for boxed
junctions this feature varies depending on the typed of boxed
junction.

fdeltay(i»zi) :” PAiy — PBiy || (9)

Orientation: The orientation of a line segment is measured
anticlockwise relative to the x-axis. This feature approx-
imately evaluates to one of two values for zig-zag type
markings and, with the exception of the boxed junction class,
is approximately constant for road markings belonging to the
same class in an image. It also roughly captures the vehicle
orientation (which influences the relative orientation of the
road markings).

fangle(iazi) - é(pAz — PBiy X — aXiS) (10)

Furthest vertical distance: This feature is simply a meas-
ure of how far away from the top of the image a road marking
is.

fvert(ivzi) = maX(pAi,yapBi,y) 11

Proportion segments to the left: This feature measures
the percentage of road markings located to the left of the i**
node. This captures the overall distribution of road markings
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in the image relative to the position of node ¢. Intuitively, we
expect this class distribution to be different across classes
with boundary type markings having low proportions and
separator markings proportions close to 0.5.

fpropleft(iajvzi) = %({(pleft) : minj:l:N(ij,zaij,m)}

< min(pai g, PBiz))
(12)

Proportion segments to the right: This feature measures
the percentage of road markings located to the right of the
i*" node. It captures the overall distribution of road markings
in the image relative to the position of node ¢ similar to the
previous feature. The symmetry of the road markings on the
road is also captured by this and the previous proportion
features.

fpropright(ivjazi) = %({(pright) : man:l:N(ij,zaij,:v)}

> maX(pAi,mapBi,I)>
(13)

Closest midpoint distance: This feature is especially
important for double boundary type road markings since
they comprise of two road markings of similar length and
orientation, running parallel. Thus the midpoint distance
between double boundary road markings is small compared
to the midpoint distances between other marking types.

Fmidist(i,J,2:) = pci — pej |l (14)

Number of intersecting line segments: This feature is
most important for boxed junction markings occurring at
intersections/junctions. This is because for other classes,
mostly no intersections occur. The feature function counts
the number of line segments j that intersect with the line
segment associated with node <.

N—-1
fint(1,7,2:) = Z isintersect(l;,1;) (15)
j=1

Conditional Random Fields are able to incorporate con-
tinuous local features like the ones described above. CRF
potentials are formed by exponentiating a linear function
of the feature functions. To model the more complex non
linear relationships between hidden states and feature values
however, it is better to discretise (or binarise) the features
[30].

2) RUSBoost Features : Instead of directly using the local
features described in Section IV-C1 in our CRF model, we
first train a Random Under Sampling Boost (RUSBoost) [31]
classifier and use these scores as input to our CRF. This is a
design choice shown to be effective by Friedman et al. [32]
who proposed first learning AdaBoost classifiers from trained
labeled data. Other variants of this approach, include using
SVM scores and CRFs [30] to build a two stage classifier.

Specifically, we choose RUSBoost because it is robust
to skewed training data - the number of examples, per

[ Class [ Description [ Train [ Proportion | Test [ Proportion |
1 Single Boundary 794 12.19% 778 11.81%
2 Double Boundary | 1012 15.54% 961 14.59%
3 Separator 1491 22.89% 1471 22.34%
4 Zig-zag 523 8.03% 549 8.34%
5 Intersection 287 4.41% 395 6.00%
6 Boxed Junction 1566 24.04% 1573 23.89%
7 Special Lane 841 12.91% 858 13.03%

Table II: Class distribution of our road marking dataset
showing the number and proportion of training and test
examples

class, in our datasets is not balanced. For example, separator
markings occur five times more frequently than intersection
type markings (see Table II ).

We train a RUSBoost classifier using the eleven features
described in Section IV-C1. The classification output for each
training example is a 7x1 vector assigning a score to each
class. The RUSBoost classifier learns an independent model
which does not account for relationships between adjacent
nodes, thus we use this score vector as input features for our
CRF which learns statistical dependencies between adjacent
hidden states.

3) Binary Feature Functions : For consistency (relational)
across the graphical model, it is necessary to define features
relating hidden states in the CRF to each other. Such pairwise
features take into account the effect that the feature functions
have on the transitions from one state to the other (for
example a neighbour node transitioning from a zig-zag to a
boxed junction class). We derive edge (binary) features from
the RUSBoost scores (new node features). Here, the edge
features are taken to be the node features from both edge
ends [33].

V. EXPERIMENTAL RESULTS

We collected a benchmarking dataset containing 2068
hand labelled images spanning city, residential and motorway
roads. The road marking dataset class distribution is shown in
Table II where a skewed distribution is noted. Some classes,
such as intersections occur less frequently than others such
as separators.

We evaluate our system performance in two ways:

« without relational learning (similar to Duchow and Ko-

erther [20])

o with relational learning (our proposed method)

Our road marking classification framework was implemen-
ted using the Undirected Graphical Models (UGM) Toolbox
by Mark Schmidt [33] for probabilistic graphical models.

A. Results

1) No Relational Learning : The performance of our road
marking classification framework without relational learning
(only RUSBoost classifier) was evaluated using the datasets
described above. Although the last three feature functions,
Sproplefts foropright> and fmiqise take other road markings
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PREDICTION

SGL | DBL | DIV | ZIG | INT BJ SPL

SGL
DBL
DIV
Z1G

GROUND TRUTH

INT
BJ

SPL

(a) Per class Precision Matrix (no relational learning)

PREDICTION

SGL | DBL | DIV | ZIG | INT BJ SPL
SGL
DBL
DIV

Z1G

GROUND TRUTH

INT
BJ
SPL

(b) Per class Recall Matrix (no relational learning)

Table III: Per class Precision and Recall Confusion Matrices
For No Relational Learning.

into account, the relationships between adjacent node labels
(or cliques) is not explicitly modelled. The resulting per class
precision and recall confusion matrices are shown in Table
III. For a given confusion matrix, the diagonal elements are
large ratios (close to 1) for good classification performance
(i.e. the ground truth and predicted classes correspond ex-
actly). Thus, a strong bright diagonal in a confusion matrix
illustrates good classification performance.

Our experiments resulted in per class precision values
ranging between 0.56 and 0.89 and per class recall ranging
from 0.54 to 0.96 as shown in Table III. The intersection
class precision is very low because examples belonging to
this class are commonly misclassified as special lanes, boxed
junctions or sometimes zig-zag. Per class recall values for the
special lane class are also very low because road markings
predicted as separator, single boundary, zig-zag approach,
intersection or boxed junction actually belong to special lane.
The RUSBoost model is discriminative and assigns road
marking classes based on a strong learner given the feature
functions. We show in the next section how introducing a
relational learning framework, which models that adjacent
markings are likely to belong to the same class, reduces the
misclassification errors.
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PREDICTION

SGL | DBL | DIV | ZIG | INT BJ SPL

SGL
DBL
DIV
Z1G

GROUND TRUTH

INT
BJ

SPL

(a) Per class Precision Matrix (with relational learning)

PREDICTION

SGL | DBL | DIV | ZIG | INT BJ SPL
SGL
DBL
DIV
Z1G

GROUND TRUTH

INT
BJ
SPL

(b) Per class Recall Matrix (with relational learning)

Table IV: Per class Precision and Recall Confusion Matrices
With Relational Learning.

2) Classification with Relational Learning: We further
tested our system using our CRF relational learning frame-
work. Here, relationships between adjacent road marking
classes are explicitly captured. The resulting per class preci-
sion and recall confusion matrices are shown in Table IV - the
per class precision values range between 0.74 and 0.93 whilst
the per class recall ranges from 0.7 to 0.94. The precision
is lowest for the intersection and special lane classes as
their visual appearance is similar (see Figure 8) and the
intersection class is under represented in the training data
(4.41% of the training data). Similarly, the recall is lowest
for the intersection and special lane classes. The remaining
classes show very good performance with precision and
recall values of between 0.88 to 0.94. We quantify the per
class percentage improvement gained by adding relational
information in the road marking classification framework in
Table V, where performance improvements of up to 23% are
achieved across classes.

Figure 6 shows classification results where each colour
represents the class the road marking is assigned to. To better
visualise the errors, we plot these same images in Figure 7
where green represents correctly classified road markings,
and red lines show the misclassifications.
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Figure 7: Classification results from our system (green lines

Figure 6: Classification results where each colour represents  4pa correctly classified, whilst red lines represent misclassi-
a different class (see Table I for colour code). The graphical  fications). These images correspond to Figure 6.

model structure is superimposed on the image.

[ Class | Name | Precision Change (%) [ Recall Change (%) ]

1 SGL 4.9 -1.7
2 DBL 8 -2.2
3 DIV 2.5 -1.7
4 Z1G 16.7 5.1

5 INT 23.4 0.5

6 BJ 1.6 19.2
7 SPL 1.6 16.6

Table V: Percentage improvements in terms of precision and ) ]
recall when relational learning is used. Figure 8: Special lane and intersection type road markings

have very similar visual appearance (short, repetitive).
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12 Figure 9: Boxed junctions describe areas of the road that

13 a vehicle should not be stationary in (but may possibly

14 quickly traverse) such as separator boxed junctions (left) and

15 intersection boxed junctions (right).

16

17

18 VI. CONCLUSIONS AND FUTURE WORK

;g In this paper, we presented a framework for situational

1 awareness based on reading and interpreting road markings.

5 Specifically, we classified road markings into seven distinct

53 classes: single boundary, double boundary, separator, zig-zag,

o4 intersection, boxed junction and special lane. Our system

5 achieved a precision of between 74% and 93% and corres-

26 ponding recall of 70% to 94% across all classes. Overall,

o7 our system allows a vehicle to read and interpret the road by

o8 understanding the rules of the road encoded in the type of

29 painted road markings visible.

30 In future work, we will investigate using the output of our

31 road marking classification system for road scene semantic

32 interpretation for situational awareness. To test this, we

33 performed some preliminary experiments to detect traffic

34 light controlled pedestrian crossings (zig-zag approaches) and

35 no drive regions (boxed junctions - see Figure 9).

36 Here, we defined a zig-zag approach (or boxed junction)

37 to exist if a proportion of over 0.7 of classified individual

38 road marking segments belong to class zig-zag (or boxed

39 junction). This threshold was determined empirically to

40 capture our observation that zig-zag approaches (or boxed

41 junction) occur when the vast majority of road markings in

42 a road scene belong to that class. Our experimental results

43 showed that, even with this straight forward approach, our

44 classifier achieved 88% and 86% prediction accuracies for

45 the zig-zag approach and boxed junction scenes respectively.

46 Examples of correctly classified scenes are shown in Figures

47 10 and 11 respectively. A vehicle can therefore prepare

48 for the possibility of encountering humans on the road, or

49 areas where it may not be stationary (but may possibly

50 momentarily drive through) - thus gaining a dynamic sense of

51 situational awareness, like a human. Investigating this further

2:23 forms the subject of our future work.
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