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Abstract

A world model representing the elements in a robot’s environment needs to

maintain a correspondence between the objects being observed and their inter-

nal representations, which is known as the anchoring problem. Anchoring is a

key aspect for an intelligent robot operation, since it enables high-level func-

tions such as task planning and execution. This work presents an anchoring

system that continually integrates new observations from a 3D object recogni-

tion algorithm into a probabilistic world model. Our system takes advantage of

the contextual relations inherent to human-made spaces in order to improve the

classification results of the baseline object recognition system. To achieve that,

the system builds a graph-based world model containing the objects in the scene

(both in the current and previously perceived observations), which is exploited

by a Probabilistic Graphical Model (PGM) in order to leverage contextual infor-

mation during recognition. The world model also enables the system to exploit

information about objects beyond the current field of view of the robot sen-

sors. Most importantly, this is done in an online fashion, overcoming both the

disadvantages of single-shot recognition systems (e.g., limited sensor aperture)

and offline recognition systems that require prior registration of all frames of

a scene (e.g., dynamic scenes, unsuitability for plan-based robot control). We

also propose a novel way to include the outcome of local object recognition

methods in the PGM, which results in a decrease in the usually high model
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learning complexity and an increase in the system performance. The system

performance has been assessed with a dataset collected by a mobile robot from

restaurant-like settings, obtaining positive results for both its data association

and object recognition capabilities. The system has been successfully used in

the RACE robotic architecture.

Keywords: Context-Aware Anchoring, Anchoring, World Modeling, Data

Association, Mobile Robotics, Conditional Random Fields

1. Introduction

Mobile robots need to create and maintain internal representations of their

surroundings for planning and executing tasks involving elements in them. Tra-

ditional tasks like navigation or localization have already well-suited solutions

for building such representations, for creating metric [16, 73], topological [53, 51]5

or hybrid maps [72, 6]. More sophisticated world models arose for dealing with

higher-level tasks, called semantic maps [37, 25, 26], which codify information

from the exploration of the environment, but also consider semantic knowl-

edge (or meta information) about the elements that can be found in the robot

workspace, their properties, and their relations. Unlike the metric and topolog-10

ical maps case, the algorithms for building and exploiting these models are not

that well-defined, and there is still significant room to explore.

One of the most critical steps during the building of these maps is creating

and maintaining the correspondence between the object percepts detected in

the workspace and their conceptual representation in the world model. This15

is known as the anchoring problem: “We call anchoring the process of creat-

ing and maintaining the correspondence between symbols and sensor data that

refer to the same physical objects. The anchoring problem is the problem of

how to perform anchoring in an artificial system.” [12, p. 86f]. If we move our

discourse away from semantic maps, anchoring would be still necessary for any20

system pursuing a plan-based robot control, where symbols are just object iden-

tifiers or labels used by the planner. However, notice the potential of semantic
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maps where symbols are further linked to concepts codifying functionalities and

relations.

The anchoring process links object percepts to their conceptually defined25

categories, e.g.: spoon, knife, mug, etc. This linking is accomplished by an

object recognition method, which assigns a category to the percept. The kind of

recognition algorithms traditionally exploited for this aim are referred to as local

object recognition methods within this paper, since they work by individually

classifying the perceived percepts according to their local features, e.g. size,30

shape, appearance, etc. [80]. However, it is well-known that local recognition

methods are prone to provide ambiguous results [48, 13, 23], which can lead

to wrong linkings in the anchoring process. This results in a incoherent world

model and in failing task executions.

In this work we contribute an anchoring system with a distinctive feature:35

it does not simply copy the classification results from a local object recognition

system, but instead uses the relations between objects (their spatial context) to

improve those classification results. This is motivated by the fact that objects

rarely occur in independent configurations at identically distributed locations.

Rather, there is a coherent structure inherent to most real-world scenes. For40

example, a longish object in front of a monitor has a high probability of being

a keyboard, whereas an object with the same local appearance next to a bread

knife is more likely a cutting board.

In cases where local appearance features are not sufficient, contextual fea-

tures can disambiguate object appearance in object recognition tasks [23]. Jointly45

considering context-based object categorization and anchoring as parts of a

context-aware anchoring system benefits both subproblems: Anchoring receives

better and more stable object classification results, while context-based object

categorization can use contextual relations with anchored objects that extend

beyond the sensor aperture.50

As an example of this, consider Figure 1. Due to the position of the robot

and the aperture of the RGB-D camera, only part of the table scene is visible

in the current sensor frame, so the full context is not available. This poses a
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Figure 1: Robot observing a partially visible tabletop scene, along with our system’s output.

Notice that the RGB-D camera only captures part of the table, but the world state model

maintained by the anchoring process still retains previously observed objects (blue boxes).

See Figure 5 for a description of the visualization elements.

problem for most existing context-aware object recognition systems, which fall

roughly into one of the following two categories. The first category is single-55

frame recognition systems, which recognize objects relying on single observations

of the scene in the form of RGB, depth or RGB-D images [54, 76, 74, 30, 24, 64].

Regarding the exploitation of contextual information, single-frame systems are

seriously limited by the sensor aperture and occlusions, given that they are able

to observe only a portion of the objects and relations appearing in the whole60

scene. The second category are offline recognition systems, which register a

number of observations prior to the recognition process in order to obtain a

wider view of the scene [36, 2, 78, 75, 56, 57, 1, 41, 71]. This solves the problems

caused by sensor aperture and occlusions; however, the need to finish recording

the sensor data before running the object recognition process prevents online65

operation, which is a requirement for most plan-based robot control systems.

Our approach is to continually process single frames using a local object

recognition method and integrate the object recognition results into a persistent

probabilistic world model. We then use a Conditional Random Field [CRF; 35]

to exploit contextual relations between objects in the current scene as well as70

relations with previously perceived objects from the world model to improve the
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recognition results.

This approach has the following advantages:

• Our system can exploit contextual relations with objects that are currently

out of view while still being capable of online operation (meaning that the75

output of the system is updated as soon as new sensor data comes in).

• The world model allows us to consistently assign the same object ID to

an object without requiring that the object be constantly tracked. By

anchoring symbolic object IDs to the objects reported by the local object

recognition method, the planner and plan executor can refer to an object80

by the same symbol even after the object has disappeared from view for

a prolonged period.

• The proposed system can integrate any state-of-the-art local object recog-

nition system that processes single frames and supplement it with addi-

tional context information, achieving a significant boost in classification85

accuracy at a low computational overhead.

The next section relates our work to the state of the art. Section 3 describes

the role of our system within the RACE project. In Section 4, we describe the

proposed context-aware anchoring system, and experimental results are reported

in Section 5. Finally, Section 6 contains the conclusions and possible future90

work.

2. State of the Art

This section starts with the discussion of related works concerning the two

traditional ways to exploit contextual relations for object recognition: based on

(offline) full-scene (Section 2.1), or on single-frame processing (see Section 2.2).95

Then, a number of relevant works addressing the anchoring problem are reported

(see Section 2.4).

5
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2.1. Offline, full-scene context-aware object recognition

As mentioned in the introduction, the first group of related systems performs

offline object recognition. That is, prior to object recognition, the recording of100

point clouds must have finished, and all point clouds must have been registered

into one global point cloud. No world model is kept and updated between

classifications. In contrast, the method presented in this paper continually fuses

new information into a world model, which is required for robotic applications

that require online feedback, such as plan-based task execution.105

One of the most influential systems in this area is the one by Koppula et al.

[36]. Starting from a registered point cloud of a room (obtained from RGBD-

SLAM), all planar segments in a scene are extracted. An object can consist of

multiple planar segments (such as “printerFront” and “printerSide”). The system

uses a probabilistic graphical model (concretely, a Markov Random Field com-110

bined with structural Support Vector Machines) to label the planar segments,

exploiting local features and the geometric context between segments. An exten-

sion to the original paper shows that this model can also be used for contextual

object search on a robot [2]. Given a partially recognized scene, a “hallucinated”

segment is inserted into several sampled locations in the scene. Based on the115

contextual relations to already recognized segments, the most likely location of

the target segment can be inferred. The robot then moves closer to this location

and repeats the one-shot recognition process.

Xiong and Huber [78] present a similar system to semantically label a reg-

istered point cloud of the interior of a whole building that was obtained using120

a high-definition 3D laser scanner. Planar patches are extracted and labeled

according to four object categories (“wall”, “floor”, “ceiling” and “clutter”) us-

ing a CRF that employs both local features and context between patches. A

comparison between the CRF method and a method using only local features

reveals that the CRF method performs better, demonstrating that context is125

important in distinguishing challenging objects.

Ruiz-Sarmiento et al. [57, 56] present a method which incorporates semantic

knowledge from human experts into the training process of a CRF. The seman-
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tic knowledge is modeled in an OWL-DL ontology and describes the occurrence

frequency, Gaussian distribution of geometric properties, and typical geometric130

context of each object category. This information is used to generate a synthetic

dataset for training the CRF, which reduces the need for a large real data train-

ing set. The trained CRF is then used to label planar patches extracted from

a full registered point cloud. Later, in [59], they present a survey on learning

approaches for CRFs, and complete a thorough comparison and experimental135

analysis of their applicability in the field of scene object recognition.

Valentin et al. [75] first reconstruct a mesh of the whole scene from a series

of depth images. Then, a CRF on the mesh is established, with each node

representing a mesh face and edges being added between neighboring faces.

As unary features, the CRF uses both various geometric features as well as140

appearance features from the corresponding RGB images. Pairwise features

between two nodes represent the similarity in orientation and color between

neighboring faces. In contrast to the previously presented approaches, no planar

patches or individual objects are extracted; instead, each face of the mesh is

assigned a semantic label.145

In contrast to the proposed system, none of the systems above incorporates

confidence values from a local object recognition method. Also, no system labels

individual objects with arbitrary shapes; instead, they either work in the image

domain (assigning a label to each pixel), the mesh domain (assigning a label to

each mesh face) or on extracted planar patches. This is different in a group of150

papers which has emerged from the STRANDS project, where table-top objects

are segmented.

In the first of these papers [1], a Gaussian Mixture Model (GMM) is used

to model the distribution of geometric features of each object category, and

another set of GMMs models each object-object relation where the objects are155

of different category. For each object in a scene, the objects’ GMMs are used to

predict the most probable category. However, context is not taken into account;

instead, the object-object relations are used to compute the similarity between

the current scene and trained scene types.

7
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In the second paper [41], an underlying 3D local object recognition method160

assigns a confidence value for each object category to each object. Just as in

the proposed system, the task is to improve the local recognition results using

spatial context. Kunze et al. [41] represent context using two different types

of object-object relations: Metric Spatial Relations (MSRs) and Qualitative

Spatial Relations (QSRs). Based on those, two different probabilistic inference165

procedures are developed: a GMM-based voting scheme for the metric relations

and an approach based on Bayesian inference for the qualitative relations. The

two different approaches were not combined, but instead evaluated separately.

In the experiments, the metric relations slightly outperformed the qualitative

relations. Both approaches showed better performance than the bottom-up170

perception alone, demonstrating that context is helpful for object recognition.

The third paper [71] builds on the previous work by Kunze et al. [41] and

applies the MSR- and QSR-based classifiers presented there to a new dataset

consisting of snapshots of several tables that have been taken over a longer time

period, i.e., with variations in the number and arrangement of objects. Again,175

the MSRs outperform the QSRs except in cases where not enough training

samples are available. However, the authors note that QSRs are better suited

for knowledge transfer, either between human and robot or from robot to robot.

The spatial relations used in this work (Sec. 4.3.2) resemble the MSRs used

in Kunze et al. [41] and Thippur et al. [71]; however, we do not require exter-180

nal information about a canonical viewpoint of a scene, but only information

intrinsically available to the robot.

2.2. Single-frame context-aware object recognition

Early computer vision approaches that exploit context in object recognition

are based on RGB images (see Galleguillos and Belongie [23] for an overview).185

Torralba et al. [74] first calculate a global descriptor (the “gist”) of the image to

classify the image as one type of scene (e.g., street or office) and use that as a

prior for the objects in the scene without exploiting the relations between objects

in the scene. Hoiem et al. [30] estimate the 3D geometry of a scene from a single

8
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RGB image and use the corrected 3D position and size of objects as a prior.190

Galleguillos et al. [24] use spatial context between objects and demonstrate that

this improves accuracy for most object categories compared to only using co-

occurrence. Shotton et al. [64] exploit relations between objects (represented

as regions in the image) in different configurations using a CRF based on inter-

pixel statistics. Xiang et al. [76] model object co-occurrence using a CRF for195

the task of automated image annotation (i.e., assigning multiple labels to an

image without detection or segmentation of the image). Lim et al. [44] use

an Ontology and a Bayesian network to exploit context between objects and

improve the output of a 2D computer vision algorithm based on SIFT and color

features. Their system supports incremental learning by updating objects’ co-200

occurrences and probabilities when new recognitions are performed. In contrast

to our work, they only use spatial co-occurrence probabilities between objects

in the same scene, no relations between objects.

With the introduction of the Microsoft Kinect, interest in 3D computer

vision has increased dramatically. Popular tasks in RGB-D scene understanding205

include:

1. Image Classification: Each input frame contains exactly one object.

The task is to classify the type of object in each image, without estimating

the pose of the object [for example, 42, 67, 15].

2. Semantic Labeling / Semantic Segmentation: This is currently the210

most popular task in RGB-D scene understanding [68]. The task is to

label each pixel in the RGB-D image with the object category of that

pixel [for example, 66, 54, 69, 14, 47, 34].

3. 3D Object Detection and Pose Estimation: In this task, not only

the objects’ category, but also their 6D pose is retrieved [11, 49, 32, 38,215

39, 33, 19], which is useful for actions like pick and place. An interesting

example of its application is the Amazon Picking Challenge [79, 62].

By definition, the Image Classification algorithms do not take context be-
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tween objects into account, since there is only one object in each image. Regard-

ing the Semantic Labeling algorithms dealing with single frames and context,220

most of them work by recognizing over-segmented regions from the images, and

then apply a spatial consistency method such as CRF [66, 54, 47, 34]. Most

relevant to this paper is the third class of algorithms (3D Object Detection

and Pose Estimation). However, these algorithms usually do not take context

into account (except occasionally geometric consistency), but only local object225

features (which is why we dubbed them local object recognition systems here).

Our system processes output from one such system and uses context between

objects (even extending beyond the current sensor frame) to improve the recog-

nition results. We have integrated two different local object recognition systems

into our anchoring framework: The ROS tabletop_object_detector [11], and230

the spin-image based object recognition system developed within the RACE

project [49, 32]. In the experiments section (5), we only report results for the

latter, since the former can only handle rotationally symmetrical objects and

is based on CAD models, which makes it unsuitable for the objects present in

the dataset. Our system could be combined with any of the other local object235

recognition systems to improve its output.

2.3. Dense 3D Semantic Mapping

The approaches discussed in the previous subsections (offline and single-

frame context-aware object recognition) neither build nor maintain an internal

world model. In other words, they only process the single frame (or registered240

set of point clouds) one at a time and do not take into account objects that are

not in the current input data.

In contrast, dense 3D semantic mapping approaches [27, 70, 46, 45] incre-

mentally build an internal representation by integrating each incoming RGB-D

frame. Each incoming RGB-D frame is processed by a semantic image labeling245

method to get initial recognition guesses for each pixel/point, and this infor-

mation is propagated to a point cloud based representation of the environment,

where CRFs (or similar methods) are exploited for ensuring spatially consis-
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tent labels. The single frames are registered into the point cloud using either a

SLAM method (i.e., with global loop closure) or visual odometry (without loop250

closure). The result is a point cloud of the full scene that is densely labeled

with semantic categories.

Hermans et al. [27] present a dense 3D semantic mapping system that is

based on a random forest classifier for semantic labeling and visual odometry

for point cloud registration. Stückler et al. [70] propose a system that combines255

RGB-D SLAM on multi-resolution surfel maps with a random forest classifier

for semantic labeling. McCormac et al. [46] combine Convolutional Neural Net-

works (CNNs) for semantic labeling with a 3D surfel map based RGB-D SLAM

system. The system by Ma et al. [45] also uses CNNs together with an RGB-

D SLAM method, but the system also imposes multi-view consistency during260

CNN training by transforming the CNN feature maps into a common reference

system.

There are certain similarities between the proposed system and dense 3D se-

mantic mapping approaches: Both incrementally fuse new data with an online

model, which is a requirement for plan-based task execution, because the robot265

can immediately react to incoming sensor data. Furthermore, both exploit con-

text from outside the current sensor frame to improve the classification results.

However, the work presented here differs from dense 3D semantic mapping ap-

proaches in two aspects: the considered object categories, and critically the

underlying world model. Since dense 3D semantic mapping strives for a dense270

labeling of all points in the environment, the considered object categories tend

to be rather coarse and focus on large-scale structures, e.g. “wall”, “table”, “floor”,

and a general “objects” category (from the popular NYUDv2 dataset), whereas

our system focuses on distinguishing objects that are relevant for robot manip-

ulation (e.g. “plate”, “spoon”, “fork” etc.), so the challenges faced by both types275

of systems are very different. Regarding the representation, the proposed sys-

tem represents individual objects and their 6DoF pose, which is a requirement

for manipulation, planning and execution. Also, in a dynamic environment,

an object-based representation can more easily be updated from other sources
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(such as another robot that is moving objects, or knowledge from human-robot280

interaction or other data sources).

2.4. Anchoring and World Modeling

The works presented so far have mainly focused on recognizing objects with-

out distinguishing between different instances of an object type. The following

approaches are different in the sense that they keep track of previously seen ob-285

jects in order to support long-term robot operation, and tackling the anchoring

problem (i.e., resolving object identities).

The anchoring problem was first formally introduced by Coradeschi and

Saffiotti [12]. Starting from a study and characterization of the problem, the

authors lay out challenges arising from the anchoring problem and present sev-290

eral implemented systems that perform anchoring. This approach was later

enhanced by Fichtner [21, 20], where first-order logic and the Fluent Calculus

were used to formally model and represent incomplete knowledge in the anchor-

ing problem.

Blodow et al. [8] present an anchoring system that detects objects in the295

environment based on a clustering algorithm (but without doing object recogni-

tion). They use Markov Logic Networks (a form of statistical relational learning)

to assign identities to object perceptions. Like our system, it is passive, i.e., it

builds a model of the objects in the robot’s environment while the robot is

performing its tasks. The RoboSherlock framework [4, 7] builds on the idea300

of unstructured information management to create a framework for realizing

robot perception systems. Different recognition algorithms and analysis engines

can be integrated as so-called annotators, and linked to knowledge bases using

first-order probabilistic reasoning.

Elfring et al. [17] introduce probabilistic multiple hypothesis anchoring to305

create and update a world model. Their algorithm can track multiple models so

that various kinds of prior knowledge can be accommodated. Several different

experiments were performed both on 2D and 3D data, which showed that their

anchoring system can successfully perform anchoring and even correct previous
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object-anchor associations based on new evidence.310

Blumenthal et al. [10] present a scene graph based world model that allows

storing objects and other elements of the robot’s environment while supporting

uncertainty, tracking and sharing of data. Another such framework is EnViRe

[29], which is mainly geared towards navigation and planning systems. Both of

these systems focus on the storage and exchange of data, without providing an315

anchoring functionality.

A basic anchoring process is also performed in the paper by Ruiz-Sarmiento

et al. [61], where the system checks the location of two percepts, the overlapping

of their bounding boxes, and their appearance to decide if they refer to the

same physical element. The output of this anchoring is used to maintain a320

probabilistic representation of the elements in the robot workspace.

3. Anchoring in the RACE Architecture

The anchoring system presented here has been successfully employed in the

context of the RACE project [28]. In RACE, all high-level modules communicate

via the so-called blackboard, which is implemented on top of an RDF database.325

The elements stored on the blackboard are called fluents, i.e., temporally valid

ground facts of a Description Logic (DL) ontology. Fluents have both a start

and finish time between which they are valid. Since the main objective of the

RACE project was enabling a robot to learn from its experiences, fluents have

to remain available for later analysis even after no longer being valid, so a fluent330

is never deleted, only ended by setting its end time to the current time (see

Listing 1 on page 42 for an example of the fluent format). Further details on

the RACE blackboard can be found in [28, 55].

Figure 2 shows the role of the anchoring module presented here within the

RACE architecture. All knowledge about physical objects is exchanged between335

modules via object fluents on the blackboard. Some of these fluents are created

by external knowledge sources (for example, a module that initializes the black-

board with the locations of known objects, or a module that gathers knowledge
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about object locations from human-robot interaction). They are read by the

planner, which uses this information to create the initial state of the planning340

problem whenever a new plan is requested. They are both read, updated and

created by the execution monitor (for example, when the robot picks up a mug

from the table, the execution monitor ends the fluent that specifies that the

mug is on the table and adds one that specifies that it is now being held by the

robot gripper). The anchoring module’s role is to anchor the object fluents on345

the blackboard to percepts of individual objects produced by the object recog-

nition system and update the blackboard accordingly. This involves updating

fluents (when an object has moved or a previously untracked anchor has been

reacquired), ending fluents (when an object is found to no longer be in or near

the location stored on the blackboard), and creating new fluents (when new350

objects not yet represented on the blackboard are detected).

Blackboard

Object Anchoring

Local
Object Recognition

External Knowledge
Sources

Planner

Execution Monitoring

Figure 2: Overview of the role of the context-aware anchoring system within the RACE

architecture. Green arrow: object recognition results; blue arrows: fluents related to physical

objects.

4. Context-Aware Anchoring

The proposed context-aware anchoring system is a combination of: i) a

local object recognition method, ii) an anchoring process, and iii) a Conditional

Random Field (see Figure 3). The local object recognition method1 (Sec. 4.1)355

1In the following, we use the term local object recognition for this process to distinguish it

from the joint object recognition performed by the CRF, which performs joint classification
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Segmentation +
Tracking

Local
Object Recognition

World State Modeling
+ Anchoring

segmented +
tracked point clusters

world state model
(known objects)

MAP recognition results

Feature Extraction

CRF Inferencenode + edge features

tracked objects
+ class confidences

scene graph

RGB-D sensor
point cloud

Blackboard

Figure 3: Overview of the proposed system. Ovals represent consumed/produced data, while

boxes stand for processes. Locally tracked objects are anchored to previously observed (known)

objects, and a scene graph of objects is built that includes all currently tracked objects and

nearby known objects that are out of view of the camera. All objects in the scene graph are

jointly classified by an inference process over a CRF, and the set of known objects is updated.

Our contribution is highlighted in the dotted box.

segments the sensor point cloud into object point clusters and yields a local

recognition result for each isolated object (in the form of confidence values

for each object category). This provides the input for the anchoring process

(Sec. 4.2), which updates its persistent world state model (a set of so-called

anchors) with the new information. The anchoring module then creates a scene360

graph consisting of all the currently observed objects and all nearby objects that

are currently out of view of the camera; it also adds edges between objects that

are close to each other. A CRF is then built incorporating the nodes and edges

of the scene graph along with their features, and the confidence values from the

local object recognition (Sec. 4.3.2). Finally, a probabilistic inference process365

over the CRF computes the joint object recognition results, and the anchors are

updated accordingly (Sec. 4.3).

4.1. Segmentation, Tracking and Local Object Recognition

The first steps in our processing pipeline segment the input point cloud into

individual objects and perform local object recognition, which classifies each370

segmented object separately. The output of the local object recognition system

of all objects in the scene and takes contextual relations into account.
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is a set X = {x1, . . . , xn} of objects found in the input point cloud, and for

each object its position, 3D bounding box and a vector cxi
= [c1, . . . , ck] of

confidence values, representing the confidence with which object xi belongs to

the respective class in the set of possible categories L = {l1, . . . , lk}. The objects375

detected by this stage are the basic units for all later stages of the pipeline.

Here, we use the spin-image based object recognition system developed

within the RACE project [49, 32]. This object recognition system first performs

table-top segmentation on the input point cloud: a parametric plane model

is fitted to the input point cloud using random sample consensus (RANSAC),380

and points that lie within a threshold of the identified plane are removed. The

remaining points are clustered into objects, and tiny clusters are discarded to

remove outliers. Object recognition is performed on each object xi by comput-

ing spin-image descriptors on certain keypoints of each object and comparing

the result with a trained database of objects, which results in the confidence385

vector cxi
.

Apart from segmentation and local object recognition, the local object recog-

nition system used here also provides real-time tracking of the recognized ob-

jects: a unique track ID is attached to all observations of the object in subse-

quent camera frames. Tracking is lost when the object is no longer in view of390

the RGB-D camera.

Note that the proposed anchoring system makes no assumptions about the

local object recognition system. For instance, although the spin-based object

recognition system requires that objects are separated by a certain minimum

distance in order to segment them, this is not a requirement of the anchoring395

system. This means that the anchoring system can integrate any other 3D local

object recognition method that is capable of providing a bounding box and

confidence vector for each object (such as [38, 39, 33, 19]). Specifically, although

we make use of the tracking functionality in Sec. 4.2, our system does not strictly

require it; when tracking is not provided by the local object recognition system,400

our system relies on its anchoring functionality alone. In fact, we have used our

system to process output from the ROS tabletop_object_detector recognition
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system [11], which does not perform tracking, but only recognition. We did

not use it in the experiments (Section 5), since it requires CAD models of all

objects and can only handle rotationally symmetrical objects, which makes it405

unsuitable for the objects present in the dataset.

4.2. Anchoring

The anchoring module has two closely related functions:

1. creating and maintaining over time a persistent, probabilistic world model

of the locations, identities and categories of objects perceived so far; and410

2. grounding object names from a symbolic knowledge base to object identi-

ties in this world model.

As pointed out in the introduction, even without symbolic names for objects,

having a persistent world model of objects outside the robot’s field of view (1.)

is already beneficial to context-based joint object classification. Grounding a415

shared symbolic knowledge base to this model (2.) is essential for the creation

and execution of robot plans in a plan-based robot control architecture.

Our anchoring module has a persistent internal representation (the world

model) of the objects in the environment. Following the terminology of Corade-

schi and Saffiotti [12], we call the representation of an object anchor. An anchor420

in our system is a richer representation than the purely symbolic object fluents

and contains:

• the symbolic name of the object on the blackboard that corresponds to

this object;

• the last known 6DoF object pose (position and orientation);425

• the last observed 3D bounding box;

• the vector cxi = [c1, . . . , ck] of confidence values reported last by the local

object recognition for this object (see previous section);

• the MAP object type computed by the CRF (see Section 4.3); and
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• the track ID, if the object is currently tracked by the local object recog-430

nition.

Note that an anchor contains a probabilistic representation of the possible

object types in the form of the vector of confidence values cxi
. This vector

is used by the CRF (see Section 4.3) when computing context relations with

anchored objects outside the current camera frustum.435

An anchor in our framework can be in one of two different states (Figure 4):

untracked or tracked. If an object is currently in the robot’s field of view and

thus being tracked by the local object recognition, we call the corresponding

anchor a tracked anchor and otherwise an untracked anchor. Figure 4 also

shows the functionalities that create or destroy anchors and perform the transi-440

tions between states: Find, Reacquire, Track, Lose, Discover and Destroy. The

first three functionalities are inspired by Coradeschi and Saffiotti [12]; the last

three are additional functionalities made necessary by the bottom-up part of

our framework.

untracked

destroyed

from object recognition

tracked

from blackboard

Track

Destroy
Reacquire

Lose

Discover

Find

Figure 4: State diagram showing the two possible states of an anchor (green) and the func-

tionalities that perform the transitions between them (blue).

18

Accepted author version. Final version published in Robotics and Autonomous Systems
https://doi.org/10.1016/j.robot.2018.08.016



Find creates a new anchor whenever a new object fluent is added to the445

blackboard by an external module. For example, the initial knowledge loader

adds initially known object fluents during startup, and the plan executor adds

an object fluent when an object is placed on a table by the robot. These anchors

start in the untracked state. As soon as a matching object is detected by local

object recognition, Reacquire binds the anchor to this object, and the anchor450

enters the tracked state. While Find performs top-down anchoring, Discover

performs bottom-up anchoring: Whenever an object is reported by the object

recognition module that cannot be associated to a known untracked anchor,

Discover creates a corresponding tracked anchor. While an object is tracked by

local object recognition, Track updates the properties of its anchor. When it455

stops being tracked, Lose transitions the anchor to the untracked state. Finally,

Destroy checks whether an object corresponding to an untracked anchor has

been physically removed and deletes the corresponding anchor.

In our framework, these functionalities are implemented by executing the

following steps whenever a new set of objects is reported by the local object460

recognition. These will be detailed in the remainder of this subsection and the

following subsections.

1. Object-Anchor Similarity Computation (Section 4.2.1): Anchor-

ing attempts to match the new objects to the nearby untracked anchors

in the current world model. In order to do so, the similarity between each465

pair of objects is calculated.

2. Object-Anchor Data Association (Section 4.2.2): Using these sim-

ilarity values, the best assignment of new objects to untracked anchors

is calculated using the Hungarian method [40]. If the cost of assigning

an object does not exceed a certain threshold (i.e., the object is “similar470

enough” to the anchor), the object is assigned to the anchor (Reacquire);

otherwise, a new anchor is created (Discover). If the object is already

tracked, its track ID will be used to instantly match the new observation

to its anchor and update the anchor (Track). All tracked anchors that
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have not been assigned a tracked object are transitioned to the untracked475

state (Lose). It is also possible to integrate a local object recognition sys-

tem that does not provide tracking information. In that case, all anchors

are transitioned to the untracked state and must be reacquired in the next

step.

3. Removed Object Detection (Section 4.2.3): Check for physically480

removed objects: All remaining nearby untracked anchors are checked

whether their last known bounding box is fully within the robot’s cur-

rent field of view and empty; if so, the anchor is removed (Destroy).

4. Joint Object Recognition (Section 4.3): A scene graph for the local

scene is created from the tracked anchors and nearby untracked anchors485

(i.e, anchors of objects that are close to currently observed objects, but

occluded or outside the camera frustum). Unary features (such as size or

elongation) and pairwise features (such as distance between two objects

or relation between two objects with respect to the table) are extracted

and added to the graph. A CRF inference procedure over the graph com-490

putes the MAP object types, which are used to update the corresponding

anchors.

5. Blackboard Synchronization (Section 4.4): The changed anchors are

propagated to the corresponding object fluents in the blackboard. Also,

new anchors are created for object fluents that have been added to the495

blackboard by an external module (Find).

4.2.1. Object-Anchor Similarity Computation

A prerequisite for matching newly tracked objects to existing untracked an-

chors is to compute the similarity between each tracked object and each nearby

untracked anchor. Here, a higher similarity between a tracked object and an500

anchor means a higher likelihood that the tracked object corresponds to the

physical object represented by the anchor, and thus the anchor should be as-

signed to that object (reacquired).
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(a) robot observing a tabletop scene (b) a later observation of the same scene

from a different viewpoint

(c) top-down view of (a) (d) top-down view of (b)

Figure 5: Two subsequent robot observations of a tabletop scene. Transparent boxes: bound-

ing boxes of anchored objects with their CRF classification result (CRF nodes; green: cur-

rently tracked, blue: not currently tracked); lines: context edges between nearby objects (CRF

edges). Also shown is the bounding polygon of the currently observed table surface and its

center.
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In our framework, there are two main features of objects that influence sim-

ilarity: the difference of the two objects’ classification results (specifically, the505

difference of their category confidence vectors cxi
, cxi

) and the euclidean dis-

tance between the two objects. In other words, if local object recognition reports

an object with roughly the same classification in roughly the same location as

one of the untracked anchors, chances are good that it is the object represented

by the anchor. The importance of those two features can be explained by the510

assumptions we make about the information available to our algorithm and by

our formulation of the problem. We assume that the set of possible categories L

is already as fine-grained as possible; i.e., it is impossible to subdivide any of the

categories into meaningful sub-categories based on the appearance of objects.

In particular, we do not assume that any object (like “Joachim’s mug”) can be515

directly recognized based on its appearance alone. If there was such a one-to-one

mapping between object appearance and object identity, the anchoring problem

would be much simplified. The fact that we do not make this assumption has

two consequences: first, if an object is replaced by one of similar appearance

while the robot is not observing the scene, our algorithm will anchor it incor-520

rectly; and second, if an object is moved over a large distance while the robot

is not observing the scene, the anchor will be destroyed when the robot revisits

the scene (see below), and the object at its new location will be assigned a new

anchor when observed by the robot.

In order to compare different possible assignments of tracked objects to an-525

chors (see next subsection), we need to combine the features (difference in clas-

sification results and distance) into a single similarity function. In order to

approximate this function, a Support Vector Machine (SVM) was trained on

a dataset of object/anchor pairs manually labeled as “same object”/“different

object” (i.e., whether the tracked object is the same represented by the anchor).530

Apart from the two features presented so far (difference of confidence vectors

and distance between objects), additional SVMs were trained on different sets

of features; however, the evaluation showed that the two features presented

above were sufficient. All evaluated features are listed in Tab. 1. For details on
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Table 1: Similarity features for objects x1 and x2 with centroids p1 and p2 and confidence

vectors cx1 and cx2 (see Sec. 4.3.3). The functions area_h, area_v, elong_h and elong_v

refer to the CRF unary features in Table 2 on page 37, discussed in Sec. 4.3.2.

Feature name Definition Description

distance |p1 − p2| Distance between object cen-

troids

diff_object_types

(norm)

|cx1
− cx2

| Aggregated difference of the

two objects’ classification re-

sults (as reported by the local

object recognition)

diff_object_types

(vector)

(cx1i − cx2i)
2 Component-wise difference of

the two objects’ classification

results (one feature for each

object category i)

diff_h_area (area_h(x1)− area_h(x2))2 Squared difference between

horizontal bounding box ar-

eas

diff_h_elong (elong_h(x1)− elong_h(x2))2 Squared difference between

horizontal bounding box elon-

gations

diff_v_area (area_v(x1)− area_v(x2))2 Squared difference between

vertical bounding box areas

diff_v_elong (elong_v(x1)− elong_v(x2))2 Squared difference between

vertical bounding box elonga-

tions

volume_ratio volume(x1)/volume(x2) Ratio of bounding box vol-

umes

the training procedure and a comparative evaluation of different sets of these535

features, see Section 5.3.

Using the trained SVM, the similarity between two objects s(x1, x2) can

easily be derived by computing the signed distance from the point in feature

space that represents the object pair to the hyperplane that forms the SVM’s

decision boundary (in Hesse normal form). If this signed distance is zero, the540

object pair lies exactly on the decision boundary. Object pairs with a negative

distance lie between the origin and the hyperplane and would be classified as

“same object” by the SVM (and vice versa for positive distances). In general,

the higher the signed distance, the less similar the two objects are to each
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other. Figure 11 on page 49 shows the decision boundary and the two classes545

(same/different) of object pairs. Note that the similarity function can also be

used to compute the similarity between an object and an anchor s(x, a), since

all relevant properties are stored with each anchor.

4.2.2. Object-Anchor Data Association

Data association is “the process of determining the origin of sensor mea-550

surements” [43], i.e., the process of associating uncertain sensor measurements

of objects (or environment features) to existing object tracks (or features in a

map). In the context of our work, the uncertain measurements are the object

detections reported by the local object recognition method which we want to

associate to the existing anchors.555

There are numerous approaches to the data association problem. The sim-

plest algorithm is Nearest Neighbor (NN): each detected object is greedily as-

sociated to the nearest anchor (or rather, the anchor with the highest similarity

s, as defined above). However, NN often results in a non-optimal assignment,

as illustrated in Fig. 6. This problem is solved in the Global Nearest Neighbor560

(GNN) algorithm, which computes a jointly optimal assignment. A variant of

GNN was used in our system.

Fa2

Fa1

Fa3

M x2

M x1

M x3

(a) Nearest Neighbor (NN)

Fa2

Fa1

Fa3

M x2

M x1

M x3

(b) Global Nearest Neighbor (GNN)

Figure 6: A comparison between the assignments produced by the NN and GNN algorithms.

For NN, the order of assignments (here: x1, x2, x3) is significant. For simplicity’s sake, this

figure only shows the distance between the objects, whereas the actual assignment costs are

computed from the similarity function s(xi, aj) between object and anchor, which is based on

distance and appearance. (F: anchors, M: detected objects)
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Many more elaborate alternatives to the GNN algorithm can be found in

the multi-target tracking and data association literature [3]. The most promi-

nent representatives are the Joint Probabilistic Data Association Filter [JPDAF;565

9] and approximations of Multiple Hypothesis Tracking [MHT; 52]. These al-

gorithms delay the decision which object to assign to which anchor and use

information from future frames to help disambiguate the assignment. This im-

proves the assignment accuracy especially in situations with a lot of clutter,

where GNN suffers from its eager assignment strategy and can produce many570

false positives. However, this improved ability to deal with clutter comes at the

cost of a hugely increased computation time and at a slight loss of real-time

capability, since there is a fixed delay until final assignments are made. Since

the local object detection method used here already performs some short-term

tracking and clutter removal, GNN was deemed sufficient, which is confirmed575

by our experiments (Sec. 5.3).

Before the ObjectAnchorAssociation procedure is run, the set of ob-

jects reported by local object recognition is preprocessed. If an object is already

tracked and associated to an anchor, its track ID will be used to instantly match

the new observation to its anchor and update the anchor. Conversely, all an-580

chors that are tracking an object which is no longer reported by the local object

recognition method are transitioned to the “untracked” state. The remaining set

of newly detected objects X is passed on to the ObjectAnchorAssociation

procedure shown in Algorithm 1, along with a set of nearby untracked anchors

A, i.e., anchors that are in some specified gating region around the objects in585

X and that are not associated to a currently tracked object. The output of

the algorithm is a set M of assignments that assigns each object xi ∈ X to an

anchor and an updated set of anchors A′ ⊇ A that includes any newly created

anchors in case new objects have been discovered. The first step is to build

a cost matrix C, where the i-th row and j-th column represents the cost of590

assigning xi to aj = s(xi, aj). Using these similarity values, the optimal as-

signment of new objects to untracked anchors is calculated using the Hungarian

method [40]. Also known as the Kuhn–Munkres algorithm or Munkres assign-
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ment algorithm, the Hungarian method solves the assignment problem in O(n4).

A later modification by Edmonds and Karp reduced this runtime to O(n3). The595

implementation used here [50] includes this optimization; it also does not require

C to be a square matrix, in contrast to the original algorithm. The output of

the Hungarian algorithm is a set I of index pairs of C representing the optimal

assignment.

Algorithm 1 ObjectAnchorAssociation

Input: a set of newly detected objects X = {x1, . . . , xn}; a set of nearby un-

tracked anchors A = {a1, . . . , am}; a similarity function s(x, a)

Output: a set of object-anchor assignments M = {〈x1, a
′〉, . . . , 〈xn, a′′〉}; an

updated set of anchors A′ = {a1, . . . , ak}, where k ≥ m

1: function ObjectAnchorAssociation(X,A)

2: M ← ∅

3: A′ ← A

4: C ←


s(x1, a1) s(x1, a2) . . . s(x1, am)

s(x2, a1) s(x2, a2) . . . s(x2, am)
...

...
. . .

...

s(xn, a1) s(xn, a2) . . . s(xn, am)


5: I ← HungarianAlgorithm(C)

6: for each 〈i, j〉 ∈ I do

7: if s(xi, aj) < 0 then

8: M ←M ∪ {〈xi, aj〉} . Reacquired anchor

9: else

10: a∗ ← CreateAnchor(xi) . Discovered new object

11: A′ ← A′ ∪ {a∗}

12: M ←M ∪ {〈xi, a∗〉}

13: end if

14: end for

15: return M,A′

16: end function
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If the cost of assigning xi to aj (where 〈i, j〉 ∈ I) does not exceed a cer-600

tain threshold (i.e., the object is “similar enough” to the anchor), the object is

assigned to the anchor. The natural choice for this threshold is 0 due to the def-

inition of s(xi, aj), where a negative value means that the SVM would classify

this pair as “same object”, a positive value would mean “different object”, and 0

is the decision boundary.605

If the cost exceeds this threshold 0, there is no anchor corresponding to this

object (i.e., a new object has been discovered). In this case, a new anchor is

created and the object is assigned to that anchor.

4.2.3. Removed Object Detection

Using the algorithm in the previous subsection, our system can discover new610

objects and reacquire and track existing ones. However, when the robot revisits

a scene, it also has to check whether anchored objects have been physically

removed in the meantime. Since the local object recognition method only yields

positive information (a set of objects that have been detected), the algorithm

described here has to process the raw input point cloud to perform this task.615

The general idea behind the RemovedObjectDetection algorithm is the

following. For each nearby untracked anchor (i.e., an anchor that could not be

assigned to an existing object in the scene by the Object-Anchor Data Associ-

ation), the following steps are performed:

1. check whether the bounding box of an anchor lies within the view frustum620

of the sensor at the current camera pose (i.e., the object is expected to be

visible);

2. if yes, check whether there are any points visible inside the anchor’s bound-

ing box, or between the bounding box and the camera (that could occlude

the object);625

3. if the number of such points is below a certain threshold, the object is

neither present nor occluded, and the anchor is destroyed.
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Algorithm 2 on page 31 shows how these steps can be performed efficiently,

given two requirements: The input point cloud C must be organized and pro-

jectable. An organized point cloud is a set of points that is indexed in two di-630

mensions, similar to a matrix or organized image. A point cloud is projectable

if it is organized and the 3D coordinates of all its points can be computed from

the (u, v) index of a point according to a pinhole camera model. Organized,

projectable point clouds are commonly produced by projective devices such as

stereo cameras, Time-of-Flight cameras or structured light cameras such as the635

ASUS Xtion used in the experiments.

From the anchor’s bounding box dimensions d, the set B of the eight bound-

ing box corner points is computed and represented in homogeneous coordinates

(as a four-dimensional vector, where the last component is 1). These corner

points are first transformed into the camera frame by multiplying each point640

with the 4 × 4 transformation matrix R (resulting in B′) and then projected

into the 2D image plane (resulting in B′′ by multiplying with the 3× 4 camera

projection matrix P . The matrix P has the form

P =


f 0 cx 0

0 f cy 0

0 0 1 0

 , (1)

where f is the camera’s focal length and cx, cy are the coordinates of the camera’s

principal point. The resulting elements of B′′ have the form b′′ = (u v w)
T,645

where w is an arbitrary scale factor, so the true pixel coordinates in the image

plane are u/w and v/w. Using B′ and B′′, the algorithm checks whether all

eight bounding box corners are inside the camera frustum. This is the case

when each corner’s z coordinate lies within the minimum and maximum camera

measurement depth ẑ, ž, and the pixel coordinates u/w, v/w are between 0 and650

the image width ǔ and height v̌ respectively. If at least part of the bounding

box lies outside the camera frustum, the algorithm can not confirm that the

object was removed and thus returns false.

Switching back to 3D coordinates, the next step is to compute the convex
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hull H of the bounding box corners in B′ and the camera origin; since the ele-655

ments of B′ are in the camera frame, the camera origin is always at (0 0 0 1)
T.

The function ConvexHull can be implemented efficiently using Delaunay tri-

angulation; an example result is shown in Figure 7. Delaunay triangulation

splits each rectangular face of the bounding box into two triangles. To increase

efficiency when checking inclusion of a point in the convex hull, such coplanar660

faces are removed in a post-processing step.

−1.0 −0.5 0.0 0.5 1.0

−1.0 −0.5
0.0

0.5
1.0

0.0

0.5

1.0

1.5

2.0

Figure 7: The convex hull of the eight corners of an object’s bounding box and the camera

origin (top center, at (0 0 0 1)T). The convex hull was calculated using Delaunay triangu-

lation, which split the rectangular faces of the bounding box into two triangles each. Such

coplanar faces are removed in a postprocessing step.

Any point inside this convex hull is either inside the object’s bounding box

(and therefore considered a potential point on the object), or between the cam-

era and the bounding box (and therefore considered an occluding point). The

final step of the algorithm is to count the number points inside the convex hull.665

This process can be sped up by making use of the fact that the input point

cloud is organized. First, we compute the image-axis-aligned 2D bounding box

(umin, umax, vmin, vmax) from the minimum (resp. maximum) of the (u, v) co-

ordinates of the eight bounding box corners in B′′. Any point outside this 2D

bounding box cannot be inside the 3D convex hull. Therefore, it suffices to only670

check the points inside the 2D bounding box for inclusion in the convex hull,

greatly speeding up computation.
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The actual IsInside check (whether a point is inside the convex hull or not)

is both straightforward and efficient. By representing the faces of the convex

hull as planes in Hesse normal form, it only takes one vector multiplication for675

each of the 9 faces to check if the point lies on the “inside” side of each plane.

If the number of points inside the hull exceeds a threshold, the algorithm

returns “false” (i.e., the object is either present but could not be detected by

the local object recognition, or it is occluded). Otherwise, it returns “true” (the

object was removed). As was discussed in Section 4.2.1, an object that has680

been removed while the robot was not observing the scene cannot be anchored

again. For this reason, when RemovedObjectDetection returns “true” for

an anchor, the anchor is destroyed.

4.3. Joint Object Recognition

As part of our context-based anchoring system, we need to solve the joint685

object recognition problem, where the aim is to assign to each of the objects in

a scene their respective category (e.g., mug, dish, spoon), taking into account

both the local features of each object and their contextual relations. To this

end, we build a scene graph from the tracked anchors and all nearby untracked

anchors, and use a Conditional Random Field [CRF; 35] to compute the most690

probable categories of all objects, considering their context (see Figure 5).

4.3.1. CRF Formulation for Joint Object Recognition

This joint object recognition problem is modeled as a CRF as follows. Let

X = {x1, . . . , xn} be a set representing n observed objects within a given scene,

where each object xi is characterized through a vector of m features fxiu =695

(fxiu1
. . . fxium

)
T, e.g., size, height or elongation, L = {l1, . . . , lk} the set of

the k possible object categories, and Y = {yi, . . . , yn} a set of discrete random

variables over L, that assigns to each object in X a category from L. Thus, the

joint object recognition problem in the CRF framework consists of maximizing

the probability distribution P (Y |X), i.e., to find the most probable categories700

assignment to Y given the characterized objects’ observations in X.
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Algorithm 2 RemovedObjectDetection

Input: an untracked anchor’s bounding box dimensions d = (dx dy dz)
T

and pose, given as a rigid transformation R from the bounding box

frame to the camera frame; an organized, projectable point cloud C =

{p11,p12, . . . ,pǔv̌}, where ǔ is the width and v̌ is the height of the image; a

camera projection matrix P ; minimum and maximum camera measurement

depth ẑ, ž; a threshold on the number of points n below which the object is

considered removed

Output: true if the object was removed, false if occluded or outside camera

field of view

1: function RemovedObjectDetection(d,R, C, ǔ, v̌,P , ẑ, ž, n)

2: B ←




−dx/2

−dy/2

−dz/2

1

 ,


−dx/2

−dy/2

dz/2

1

 , . . . ,


dx/2

dy/2

dz/2

1




3: B′ ← {Rb | b ∈ B}

4: B′′ ← {Pb′ | b′ ∈ B′}

5: if ∃b′ = (x y z 1)
T ∈ B′: z /∈ [ẑ, ž] then

6: return false

7: else if ∃b′′ = (u v w)
T ∈ B′′: (u/w /∈ [0, ǔ]) ∨ (v/w /∈ [0, v̌]) then

8: return false

9: else

10: H ← ConvexHull
(
B′ ∪

{
(0 0 0 1)

T
})

11: umin, umax, vmin, vmax ← minu/w

{
(u v w)

T ∈ B′′
}
, . . .

12: C ′ ← {puv ∈ C | (umin ≤ u ≤ umax) ∧ (vmin ≤ v ≤ vmax) ∧ IsInside(puv, H)}

13: return |C ′| ≥ n

14: end if

15: end function
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A CRF is represented through a graph structure H = (V,E), where V is

a set of nodes stating random variables, and E a set of edges linking related

nodes. Concretely, in the joint object recognition problem, each variable in

Y (indeed, each object being categorized) introduces a node in V , and two705

contextually related variables2 set an edge in E between their respective nodes.

Then, according to the Hammersley-Clifford theorem [35], a number of functions

called factors are defined over parts of H, encoding each one a piece of P (Y |X).

In this work we rely on two factor types: first order or unary, related to nodes,

and second order or pairwise, associated with edges. The insight behind this710

is that unary factors encode the likelihood of a variable yi to be assigned to

a certain category li given the characterized object xi, while pairwise factors

express the compatibility of two related variables belonging to a certain pair of

categories.

Concretely, unary factors U(·) and pairwise factors I(·) are defined by linear715

classification models as follows:

U(yi, xi,ω) =
∑
l∈L

δ(yi = l)ωlf(xi) (2)

I(yi, yj , xi, xj ,θ) =
∑
l1∈L

∑
l2∈L

δ(yi = l1)δ(yj = l2)θl1,l2g(xi, xj) (3)

where f(xi) is the function that computes the vector of unary or local fea-

tures fxiu of the object xi, g(xi, xj) provides the pairwise features fxixjp =720

(fxixjp1 . . . fxixjpq )T, or features that characterize the relation between two

objects xi and xj , (e.g., perpendicularity, size ratio, etc.), ωl = (ω1,l . . . ωm,l)

and θl1,l2 = (θ1,l1,l2 . . . θq,l1,l2) are vectors of weights associated to the category

l and the combination of categories l1 and l2 respectively, both learned during

the CRF training, and δ(yi = l) is the Kronecker delta function.725

2Two variables yi and yj are related if their associated objects xi and xj are located close

to each other in the scene.
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Once these factors have been defined, the computation of P (Y |X) can be

expressed by means of log-linear models as:

P (Y |X,ω,θ) = 1

Z(X,ω,θ)
e−ε(Y,X,ω,θ) (4)

where Z(·) is the partition function, which plays a normalizing role so that∑
ξ(Y ) P (Y |X,ω,θ) = 1, with ξ(Y ) being a possible assignment to the variables730

in Y , and ε(·) is the so-called energy function defined as the sum of all the factors

codified over the graph:

ε(Y,X,ω,θ) =
∑
i∈V

U(yi, xi,ω) +
∑

(i,j)∈E

I(yi, yj , xi, xj ,θ) (5)

The training phase of the CRF provides the vectors of weights ω and θ that

maximize the following likelihood function:735

max
ω,θ

LP (ω,θ : D) = max
ω,θ

∏
d∈D

P (yd|xd) (6)

where D is the set of all the scenes used for training, xd is a set containing the

characterized objects in the scene d ∈ D, and yd contains their corresponding

ground truth categories.

Solving Equation 6 requires the computation of the partition function, which

is infeasible in practice. To face this two approaches arise [59]: the utilization of740

an alternative objective function, or the estimation of the original one by means

of an approximate inference method. In this work, we have opted for the first

group of solutions, concretely the alternative, pseudo-likelihood function, which

has shown that (given a large number of training samples) the optimization

results converge to the ones yielded by the likelihood function [35].745

Despite this simplification, the learning process remains complex if the num-

ber of considered: categories |L|; features used to describe them
∣∣fxiu

∣∣; and

features characterizing their relations
∣∣∣fxixjp

∣∣∣ is high, which results in a large

number of weights as well. On the other hand, it is desirable to account for a
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comprehensive variety of features in order to properly characterize both objects750

and relations. In Sec. 4.3.3 we describe our approach to tackle this issue.

4.3.2. Scene Graph Construction and Feature Extraction

Now that the theory behind CRF models has been discussed, we put it

into practice by building a scene graph for both the portion of the scene being

inspected in each available RGB-D image (recall Figure 3), and any relevant755

contextual information out of it. For that, first it is added a node for each

tracked anchor, then recursively adding nodes for untracked anchors that are

closer than a certain context range to a node already in the graph (which can

include known objects that are close to currently observed ones, but outside the

camera frustum). An edge is added to the graph between each pair of nodes760

that are within that context range of each other (see Figure 5 on page 21).

Notice that the scene graph corresponds to a CRF graph structure H =

(V,E), where V is the set of nodes, each one associated with a random vari-

able from Y representing the category of an object xi, and E is the set of

edges/relations E between those objects.765

These objects and relations are subsequently characterized through the vec-

tors of features fxiu and fxixjp respectively, which are integrated into the CRF

model as introduced in Equation 2 and Equation 3 on page 32.

The features are based on the objects’ bounding boxes and the boundary

and center of the table. The bounding boxes are computed so that their z770

axis aligns with the metric map frame’s z axis, which is pointing upwards.

The table boundary is computed from the sensor data and represented as a

(not necessarily rectangular or convex) polygon. Figure 8 illustrates the table

boundary and some of the features that relate to it.

The unary features used here are listed in Tab. 2. They describe the shape,775

size and position on the table of an object independent of other objects. This

allows the CRF to learn both the typical shape and size of different object

categories as well as their typical position on the table: some objects might

occur more often near the center of a table, while others are usually near the
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pt

p1 p2

α

d1

d2

d3d4

Figure 8: Illustration of some of the CRF unary and pairwise features (Tables 2 and 3).

p1, p2: object centroids

pt: table center

d1, d2: distance from p1 and p2 respectively to pt (table_center_distance(x1),

table_center_distance(x2))

d3: horizontal distance between p1 and p2 (hdist_centroids(x1, x2))

d4: distance from p1 to table border (table_border_distance(x1))

α: angle between p1, p2 and pt (table_angle_diff(x1, x2)).
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table border.780

The pairwise features are listed in Tab. 3 and describe the relative size and

position on the table of two objects. These features allow the CRF to exploit

context between the objects; for example, some objects usually occur close to

each other or at the same distance from the table border.

We chose the features to fulfill two criteria. The first criterion is that the785

features should be continuous/quantitative and not discrete/qualitative. The

reason for preferring quantitative over qualitative features is that it avoids hard

discrete jumps in the value of the feature near thresholds, which would nega-

tively impact the classification performance and would introduce another set of

parameters (namely, the thresholds).790

The second criterion is that the features should not rely on any implicit

reference poses that arise from peculiarities of how the robot has recorded its

data. For example, Anand et al. [2] use the node feature “Distance from the

scene boundary”. In their system, the scene boundary is implicitly given by

the fringe of the area mapped by the robot. Since in their experiments, the795

robot has always mapped exactly one room, this feature gives the distance to

the room’s walls; however, this feature is not applicable when only part of a

room or multiple rooms are mapped. Another example from Anand et al. [2]

is the edge feature “Relative position from camera (in-front-of /behind)”. Since

their system runs offline on a pre-registered dataset from many camera poses,800

there is no unique reference camera pose. The paper does not include details,

but presumably the “camera pose” here refers to the origin of the registered

map, which is usually arbitrarily set to the pose of the first camera frame. This

again introduces a dependency on a particularity of the used dataset. Likewise,

the features used by Kunze et al. [41] use a reference system that is based on805

the front-left table corner. This is only meaningful because all of their datasets

have been recorded from the “front” of the office desks, i.e., with the monitor in

the back and the keyboard closer to the robot.

The only assumption made in the features used in this work is that the

sensor data is represented in (or can be transformed into) a coordinate frame810
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Table 2: CRF unary features. The variables dx, dy , dz used in the first five features are the

dimensions of the object’s bounding box; the z axis is oriented upwards. The two features

table_border_distance and table_center_distance are illustrated in Fig. 8.

Feature name Definition Description

volume dxdydz Volume of the bounding box

area_h dxdy Horizontal area of the bounding box

area_v dz
√

(dx)2 + (dy)2 Vertical area of the bounding box

elong_h max(dx,dy)/min(dx,dy) Horizontal elongation of the bounding box

elong_v dz/
√

(dx)2+(dy)2 Vertical elongation of the bounding box

table_border_distance — (see Fig. 8) Distance to the table border polygon

table_center_distance — (see Fig. 8) Distance to the table center

Table 3: CRF pairwise features for an edge between objects x1 and x2 with centroids p1 =

(px1 py1 pz1)
T and p2 = (px2 py2 pz2)

T. The functions refer to the unary features in

Table 2. The three table-related features are illustrated in Fig. 8.

Feature name Definition Description

bias 1 Bias term (models co-occurrence

probability between object classes)

volume_ratio volume(x1)/volume(x2) Ratio of bounding box volumes

hdist_centroids
√

(px1 − px2)2 + (py1 − py2)2 Horizontal distance between centroids

table_border_diff table_border_distance(x1)

− table_border_distance(x2)

Difference of distances to the table

border

table_center_diff table_center_distance(x1)

− table_center_distance(x2)

Difference of distances to the table

center

table_angle_diff — (see Fig. 8) Signed angle between p1, p2 and ta-

ble center

where the z axis points up, which is the case on all ground-based robots. Some

of the features are expressed in relation to a table, but that table center and

boundary is extracted from the sensor data by our system and is independent

from any reference poses. Without a reference pose, it is not directly possible

to capture “in front of / behind / left of / right of” relations; however, the815

table_center_distance and table_border_distance features capture some

of the “in front of / behind” information, and the signed table_angle_diff

feature approximates the “left of / right of” relation.
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4.3.3. Integrating local object recognition results

Our CRF model can be enriched with the results from any local object820

recognition method (or a combination of them) able to provide a confidence

vector of its results, which enables the usage of methods exploiting specialized

feature descriptors. For that, we introduce the confidence vector cxi
of an

object xi into the usual CRF unary factors formulation (see Equation 2) in the

following way:825

U(yi, xi,ω) =
∑
l∈L

δ(yi = l)ωlf(xi)cxi(l) (7)

Thus, the components of the confidence vector play the role of an additional

feature, not related to any weight, that have a different value for each object

category. This integration also leads to a reduction in the number of weights

present during the CRF learning, alleviating the training complexity. In this830

way, the CRF focuses on exploiting high-level features of objects and relations,

and releases the work with specialized feature descriptors to the local method,

which modeling into the CRF typically involves a large number of weights.

As an illustrative example, in our experiments we have considered 9 different

object categories, 7 unary features, and 6 pairwise ones (see Section 4.3.2). The835

number of weights associated with features of objects is
∣∣fxiu

∣∣ · |L| = 7 · 9 = 63,

while the number of those related to contextual features is
∣∣∣fxi,xjp

∣∣∣ · |L|2 =

6 · 81 = 486, giving a total of 549 weights. In the case of the local object

recognition system considered in this work, it represents each object by a set of

10 shape features, each one with a descriptor vector of 45 components, resulting840

in a total descriptor length of 450. Thus, their modeling into a CRF would

suppose the addition of 450 · |L| = 4050 weights, which clearly would increase

the training complexity, even dropping the recognition performance.

4.3.4. Probabilistic inference

Once the CRF model is complete, including: a graph representation H =845

(V,E), the extracted features of the graph components, and the confidence
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values from the local object recognition method, a probabilistic inference process

over such a CRF performs the joint object recognition. Concretely, it finds an

assignment of categories Ŷ to the objects in X that maximizes the probability

P (Y |X), that is:850

Ŷ = argmax
Y

P (Y |X,ω,θ) (8)

This issue is commonly referred as the Maximum a Posteriori problem (MAP),

which in this work is carried out by the Iterated Conditional Modes method [5],

an approximated solution that mitigates the heavy computational burden re-

quired by exact approaches. We have made our implementation of the aforemen-855

tioned training and inference processes available as part of the Undirected Prob-

abilistic Graphical Models in C++ library (UPGMpp), an open source toolkit

for efficiently building, training and performing inference over CRFs [58].

4.4. Blackboard Synchronization

The context-aware anchoring system is embedded in the rest of the plan-860

based robot control architecture via the blackboard (see Section 3). The an-

choring system however maintains its own internal world model (see Sec. 4.2)

instead of directly storing all anchors on the blackboard for the following rea-

sons: (1) the anchors in the internal world model are a richer representation

of the objects (including a probabilistic representation of the possible object865

types) than the purely symbolic fluents on the blackboard, and (2) the inter-

nal anchors have to be updated at a high frequency, while the blackboard is

designed to store knowledge over longer time horizons with slower update rates.

In order to make the poses and identities of objects available to other modules

(e.g., the planner and plan executor), the internal world model of the anchoring870

system is continually synchronized with the blackboard. This synchronization

happens in two directions, as explained next: (1) reading fluents from the black-

board and (2) writing fluents to the blackboard.
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Reading fluents from the blackboard. When starting up, all already existing

object-related fluents are retrieved from the blackboard using the following875

SPARQL query:

SELECT DISTINCT ?instance WHERE

{

?instance upper:hasBoundingBox ?any .

?instance a ?subclass .

{

{?subclass rdfs:subClassOf+ race:Kitchenware}

UNION {?subclass rdfs:subClassOf+ race:PersonalItem}

}

}

This query is also registered with the blackboard, so whenever a new fluent

is added to the blackboard that matches this query, the anchoring system is

immediately notified.

A sample set of object fluents retrieved by this query is shown in Listing 1880

on page 42. Each object is represented by a set of fluents. The main object

fluent (here: mug1) states the object’s category and a list of poses and bounding

boxes. Each bounding box fluent specifies the dimensions of the bounding box

and its centroid pose. Note that this results in each object having two poses.

The reason is that when a CAD model based local object recognition is used,885

the object’s pose relates to the CAD model’s reference frame, and the pose of

the bounding box is always the bounding box’s centroid (see Fig. 9 on page 44

for an illustration). For local object recognition methods that are not based on

CAD models, the object’s pose and the bounding box’s pose coincide.

Writing fluents to the blackboard. When a new object is discovered, a corre-890

sponding fluent is immediately created on the blackboard. Conversely, when an

anchor is destroyed, the corresponding fluent is ended immediately.
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When an existing fluent is updated (via Reacquire or Track), the object’s

pose is updated as shown in Listing 2 on page 43:

• The existing pose, bounding box and bounding box pose fluents are ended895

(i.e., the FinishTime is set to the current time).

• New pose, bounding box and bounding box pose fluents are created which

start at the current time and are open (i.e., the FinishTime is unknown,

signified by the special value 0).

• The new fluents are added to the main object fluent (here: mug1).900

By storing each object pose in a new fluent (instead of simply overwriting the

old fluents), the blackboard enables reconstruction of an object’s full trajectory

over time. This was one of the blackboard’s design goals, since this functionality

is essential for other tasks within the RACE project (such as learning from

experiences).905

To avoid overloading the blackboard with minute pose changes at a high

frequency, the object poses are only updated if the pose difference is above a

certain threshold or after a timeout.

5. System evaluation

To evaluate our system, we collected a dataset of 15 different scenes. After910

a description of the dataset and the cross validation scheme, we first present a

separate evaluation of the object association part of the system (Section 5.3).

This is followed by an evaluation of the complete system (Section 5.4).

5.1. Data recording and preparation

In recent years, many RGB-D datasets have become available; a recent sur-915

vey [22] lists 102 different 3D datasets, with the majority having been recorded

with an RGB-D camera, mostly the Microsoft Kinect 1. Some of the best-known

datasets are: NYU Depth v2 [66] (the successor of the popular NYU Depth v1

dataset [65]), Berkeley B3DO [31], and SUN3D [77].
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Listing 1 Initial fluents about the object mug1 from an external knowledge

source. Properties not explicitly specified (like hasRoll, hasPitch) have the

default value 0.

!Fluent

Class_Instance: [Coffee, mug1]

StartTime: [0.0, 0.0]

FinishTime: [0.0, 0.0]

Properties:

- [hasPose, Pose, poseMug1_0]

- [hasBBox, BBox, bBoxMug1_0]

---

!Fluent

Class_Instance: [Pose, poseMug1_0]

StartTime: [0.0, 0.0]

FinishTime: [0.0, 0.0]

Properties:

- [hasX, xsd:float, 5.59]

- [hasY, xsd:float, 10.30]

- [hasZ, xsd:float, 0.71]

- [hasYaw, xsd:float, -1.40]

!Fluent

Class_Instance: [BBox, bBoxMug1_0]

StartTime: [0.0, 0.0]

FinishTime: [0.0, 0.0]

Properties:

- [hasPose, Pose, poseBBMug1_0]

- [hasXSize, xsd:float, 0.070]

- [hasYSize, xsd:float, 0.094]

- [hasZSize, xsd:float, 0.084]

---

!Fluent

Class_Instance: [Pose, poseBBMug1_0]

StartTime: [0.0, 0.0]

FinishTime: [0.0, 0.0]

Properties:

- [hasX, xsd:float, 5.59]

- [hasY, xsd:float, 10.29]

- [hasZ, xsd:float, 0.75]

- [hasYaw, xsd:float, 0.0]
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Listing 2 Updated fluents about the object mug1 after one observation

!Fluent

Class_Instance: [Coffee, mug1]

StartTime: [0.0, 0.0]

FinishTime: [0.0, 0.0]

Properties:

- [hasPose, Pose, poseMug1_0]

- [hasBBox, BBox, bBoxMug1_0]

- [hasPose, Pose, poseMug1_1]

- [hasBBox, BBox, bBoxMug1_1]

---

!Fluent

Class_Instance: [Pose, poseMug1_0]

StartTime: [0.0, 0.0]

FinishTime: [25357.284, 25357.284]

Properties: # unchanged

- [hasX, xsd:float, 5.59]

- [hasY, xsd:float, 10.30]

- [hasZ, xsd:float, 0.71]

- [hasYaw, xsd:float, -1.40]

---

!Fluent

Class_Instance: [BBox, bBoxMug1_0]

StartTime: [0.0, 0.0]

FinishTime: [25357.284, 25357.284]

Properties: # unchanged

- [hasPose, Pose, poseBBMug1_0]

- [hasXSize, xsd:float, 0.070]

- [hasYSize, xsd:float, 0.094]

- [hasZSize, xsd:float, 0.084]

---

!Fluent

Class_Instance: [Pose, poseBBMug1_0]

StartTime: [0.0, 0.0]

FinishTime: [25357.284, 25357.284]

Properties: # unchanged

- [hasX, xsd:float, 5.59]

- [hasY, xsd:float, 10.29]

- [hasZ, xsd:float, 0.75]

- [hasYaw, xsd:float, 0.0]

!Fluent

Class_Instance: [Pose, poseMug1_1]

StartTime: [25357.284, 25357.284]

FinishTime: [0.0, 0.0]

Properties:

- [hasX, xsd:float, 5.63]

- [hasY, xsd:float, 10.24]

- [hasZ, xsd:float, 0.79]

- [hasRoll, xsd:float, 0.015]

- [hasPitch, xsd:float, 0.001]

- [hasYaw, xsd:float, 2.186]

---

!Fluent

Class_Instance: [BBox, bBoxMug1_1]

StartTime: [25357.284, 25357.284]

FinishTime: [0.0, 0.0]

Properties:

- [hasPose, Pose, poseBBMug1_1]

- [hasXSize, xsd:float, 0.101]

- [hasYSize, xsd:float, 0.107]

- [hasZSize, xsd:float, 0.076]

---

!Fluent

Class_Instance: [Pose, poseBBMug1_1]

StartTime: [25357.284, 25357.284]

FinishTime: [0.0, 0.0]

Properties:

- [hasX, xsd:float, 5.63]

- [hasY, xsd:float, 10.24]

- [hasZ, xsd:float, 0.79]

- [hasRoll, xsd:float, 0.015]

- [hasPitch, xsd:float, 0.001]

- [hasYaw, xsd:float, 2.186]
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Figure 9: CAD model of the object “mug”. The colored axes show the object’s reference frame,

and the white box is the object’s bounding box.

These three datasets are geared towards evaluation of semantic segmenta-920

tion and labeling algorithms, i.e., they contain per-pixel category labels for each

frame, but no bounding box or object pose. The SUN RGB-D [68] dataset ad-

dresses this shortcoming by incorporating selected images from the NYU Depth

v2, Berkeley B3DO and SUN3D datasets and own images, and adding additional

ground truth information, like 3D bounding boxes and object orientation. Also,925

the SUN RGB-D dataset provides a transformation for each frame that aligns

the frame to the gravity direction. Since this information was missing from

the original datasets, the annotation was done semi-automatically using the

distribution of normals as a heuristic and correcting errors manually.

What is missing from all standard benchmark datasets however is a trans-930

formation of each RGB-D frame to a global coordinate frame, not only gravity

direction. This is due to the fact that the datasets were recorded using a hand-

held camera. In robotics, it is commonplace to have access to this information

from laser scanner-based localization, so our algorithm uses it to get an initial
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guess for the position of previously encountered objects. Also, the two local935

object recognition methods [49, 11] that were integrated with our system only

deal with tabletop scenarios, whereas in the standard benchmarking datasets

many large-scale structures are labeled (e.g., wall, ceiling, book cabinet). This

is also the case in the recent Robot@Home dataset [60], that although includes

a global coordinate frame, also contains those structures. For this reason, we940

decided to record our own dataset using a mobile robot.

This dataset consist of 15 scenes inspected by a robot equipped with a RGB-

D camera (Figure 10) driving around a table and turning towards it from differ-

ent locations. The table contained a number of objects in varying table settings.

In total, the dataset contains 1387 seconds of observation and 144 unique ob-945

jects from 9 categories: sugar pot, milk pot, coffee jug, mug, dish, fork, knife,

spoon, and table sign.3

Segmentation, tracking and local object recognition was run on the recorded

sensor data, and its output (tracked objects and local recognition results) was

added to the dataset. Since the objects were observed from multiple perspectives950

and tracking was lost while the robot was moving from one observation pose to

another, the dataset contains more than one track ID for most objects (one for

each subsequent observation of the object). Each track ID was manually labeled

with the ground truth category of the object it represented. Additionally, all

track IDs belonging to the same object were manually grouped together to allow955

evaluation of the anchoring process. Track IDs that did not correspond to any

object on the table (but instead to objects on different tables, pieces of the table

itself or other artifacts) were manually removed. In total, out of 432 track IDs,

410 (94.9%) were associated with true objects, while 22 (5.1%) were removed

as artifacts.960

3The dataset is available at the following URL: https://doi.org/10.5281/zenodo.1257047
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Figure 10: The robot used to record the data set, equipped with an ASUS Xtion Pro Live RGB-

D camera (top) that was removed from its casing and a pair of laser scanners for localization,

navigation and obstacle avoidance.
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5.2. Cross validation

For evaluation, k-fold cross validation was performed. When choosing the

splitting scheme of the data into folds, it is important to account for the fact that

the samples (i.e., the RGB-D frames) in the dataset are not independently and

identically distributed. Instead, there is a high statistical dependency between965

samples from each of the 15 scenes, since the configuration of objects within a

scene did not change (only the perspective of the robot changed). A random split

of the samples into the k folds would result in overfit and an inflated validation

score, since the system would be tested on samples that are artificially close to

the training samples.970

For this reason, a splitting scheme was chosen where iteratively all the sam-

ples within one of the 15 scenes were left out of the dataset during training,

and those samples were then used for testing. This cross-validation scheme is

sometimes called leave-one-label-out4 [LOLO; 63]. In the neurosciences, it is

called leave-one-subject-out [LOSO; 18].975

5.3. Object Association

This section evaluates the capabilities of the anchoring process carried out

before contextual relations are exploited. This step first computes the similar-

ities among the objects being observed and the set of anchors already present

in the system (Section 5.3.1), and then associates these observations to anchors980

(Section 5.3.2). As illustrated in Figure 3, the outcome of this anchoring is

further updated after contextual object recognition is carried out.

5.3.1. Object-Anchor Similarity Computation

We used the dataset to train and evaluate the SVM that computes the

similarity between two object observations in order to decide if they are obser-985

vations of the same object or not (see Section 4.2.1). To transform the dataset

4The term “label” in this context denotes the scene to which a sample belongs, not the

more common usage of the target class of a sample.
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into training and test data for the SVM, we ran our system while simulating

“perfect” object association: instead of using the combination of the SVM and

the Hungarian Algorithm for object-anchor data association, we used ground

truth to associate new track IDs to the correct anchors. For each combination990

of new track IDs and untracked anchor, the similarity features were computed,

and a sample was added to the transformed dataset. The sample was labeled

as “same object” if the association was correct according to ground truth and

“different object” otherwise.

Figure 11 shows a scatter plot of the transformed dataset. For visualization995

purposes, only two similarity features are used in the Figure (distance and

diff_object_types (norm)). As expected, samples labeled “same object” are

grouped in the lower right corner: Both distance and object type difference are

low. Somewhat surprisingly, the distance between object observations ranges up

to 0.3m; since the objects were not moved during the recording of the dataset,1000

this observed distance is fully caused by localization errors. The figure also

shows that the two classes are not linearly separable, and that both the distance

between observed positions over time (feature “distance”) and similar appearance

(feature “diff_object_types”) are useful features to correctly associate an object

to previous observations.1005

To evaluate which features yield the best classification results, the SVM was

trained on four different sets of features:

(a) distance + diff_object_types (norm): Distance between the centroids

of the object observations + norm of the difference vector between the ob-

ject types. This feature set corresponds to Figure 11.1010

(b) distance + diff_object_types (vector): Same as (a), but instead of

the norm of the object type difference vector, each object type difference

is used as a separate feature.

(c) distance + diff_object_types (norm) + additional features: Same

as (a), but with additional features (diff_v_elong, diff_h_elong, diff_v_area,1015

diff_h_area, volume_ratio).
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Figure 11: Distribution of samples in the transformed dataset. Red dots: samples labeled

“same object”, blue dots: samples labeled “different object”. For visualization purposes, the

only two similarity features used in this figure are euclidean distance between object centroids

(x axis) and the norm of the difference vector between the object types (y axis). Blue line:

decision boundary learned by the SVM.

(d) distance + diff_object_types (vector) + additional features: Same

as (b), but with additional features.

The results are shown in Table 4. Even the smallest set of features (a) al-

ready yields good classification results (F1 score: 0.97), which shows that the1020

distance between objects and the aggregated difference of object types (a) is suf-

ficient information for the classifier to decide whether two objects are the same.

Providing additional information (b–d) does not further increase the classifica-

tion performance significantly. Since simpler models with less parameters are

more robust and less prone to overfitting, the simplest model (a) was chosen1025

for the rest of this evaluation. To investigate whether a combination of features

that is not included in a–d would yield a better result, Recursive Feature Elim-

ination (RFE) was applied to the full feature set (c). During RFE, the features

are removed one-by-one by eliminating the least informative feature. On some

classification problems, this increases accuracy by reducing overfit. RFE results1030

in the following ranking of features by importance:

49

Accepted author version. Final version published in Robotics and Autonomous Systems
https://doi.org/10.1016/j.robot.2018.08.016



1. distance

2. diff_object_types (norm)

3. diff_v_elong

4. diff_v_area1035

5. diff_h_area

6. volume_ratio

7. diff_h_elong

None of the iteratively generated feature sets outperformed (a) significantly.

This indeed confirms that the feature set consisting of distance and diff_object_types1040

(norm) is the best choice.

5.3.2. Object-Anchor Data Association

To assess the performance of the complete object-anchor data association

algorithm that combines the SVM trained in the previous subsection and the

Hungarian algorithm, another experiment was performed. We ran the object-1045

anchor data association algorithm (see Section 4.2.2) in its normal mode of op-

eration on the untransformed dataset. For each frame, the Hungarian algorithm

first found the globally best assignment between new track IDs and untracked

anchors (as determined by the similarity value from the SVM). Next, for each

assignment, a threshold on the similarity value was used to determine whether1050

to create a new anchor for an object or whether to associate it to the assigned

anchor. The results are shown in Table 5. In 256 out of 272 cases (94,12%),

the algorithm made the correct decision. These numbers do not include the

trivial cases where no untracked anchors are present (such as in the beginning

of each run of the algorithm), because in this case, the Hungarian algorithm is1055

not needed; instead, a new anchor is created directly for each track ID. If these

cases were included, the reported accuracy would be even higher.

Since the decisions reported in Table 5 ultimately depend on the classifi-

cation made by the SVM, we also show the classification report of the data

association process in Table 6, for easy comparison with the SVM results on the1060

transformed data set (Table 4). However, one should note that the two tables
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Table 4: Classification reports of the SVM trained on different sets of features: precision,

recall, F1 score and support (number of elements in the class)

precision recall F1 score support

(a) distance + diff_object_types (norm)

different object 0.99 0.98 0.98 1816

same object 0.88 0.90 0.89 249

avg / total 0.97 0.97 0.97 2065

(b) distance + diff_object_types (vector)

different object 0.99 0.98 0.99 1816

same object 0.89 0.92 0.90 249

avg / total 0.98 0.98 0.98 2065

(c) distance + diff_object_types (norm) + additional features

different object 0.99 0.98 0.98 1816

same object 0.86 0.91 0.89 249

avg / total 0.97 0.97 0.97 2065

(d) distance + diff_object_types (vector) + additional features

different object 0.99 0.98 0.99 1816

same object 0.88 0.92 0.90 249

avg / total 0.98 0.98 0.98 2065
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Table 5: Decisions made by the data association process when using the SVM from Table 4(a).

Row labels: Whether in the best assignment found by the Hungarian algorithm, the track

ID and the assigned untracked anchor corresponded to different objects or the same object

according to ground truth. Column labels: Whether the algorithm decided to create a new

anchor for the track ID or whether to associate it to the assigned anchor, based on the

similarity rating from the SVM. Correct decisions are highlighted in bold. Total accuracy is

94,12%.

created new anchor associated to

existing anchor

total

different object 28 (84,8%) 5 (15,2%) 33 (100%)

same object 11 (4,6%) 228 (95,4%) 239 (100%)

Table 6: Classification report of the data association process when using the SVM from

Table 4(a). The data in this table corresponds to Table 5.

precision recall F1 score support

different object 0.72 0.85 0.78 33

same object 0.98 0.95 0.97 239

avg / total 0.95 0.94 0.94 272
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are not directly comparable: Table 4 contains multiple entries for each new track

ID (one for each possible assignment of the track ID to an untracked anchor),

whereas Table 6 only has one entry for the best assignment. This results in two

opposing effects on the classification accuracy. On the one hand, the Hungarian1065

algorithm ensures that in those cases where the SVM would accept two or more

possible matches, only the best match is counted, thereby increasing accuracy

on the hard-to-decide cases near the class boundary and improving the accuracy

of the category “same object”. On the other hand, this step also eliminates all

the easy-to-decide cases of different objects far away from the class boundary1070

(the ones in the top right corner of Figure 11), which results in a lower reported

accuracy for the class “different object”. This is also evident in the fact that in

Table 6, the support of class “different object” is much lower than in Table 4.

Also, the transformed dataset used “perfect object association” (from ground

truth), whereas in the actual data association, errors can propagate: When a1075

track ID is assigned to the wrong untracked anchor, that anchor is not avail-

able for the correct assignment later on. However, even given those interactions

between the Hungarian algorithm and the SVM, the object-anchor data associ-

ation still reaches an F1 score of 0.94 (compared to 0.97 for the SVM alone on

the transformed dataset), which demonstrates that our data association step is1080

able to correctly assign almost all track IDs to the correct anchor.

5.4. Complete System

The collected dataset from table-top settings has two challenging character-

istics for both local and contextual object recognition methods, which further

motivates the utilization of the proposed system. On the one hand, the small1085

objects (fork, knife and spoon) only produce a small set of points in the captured

point clouds (or pixels in the RGB-D images); they are almost the same size and

contain reflective parts, so only the handle is actually visible. This combination

makes them hard to be distinguished based only on local features. On the other

hand, the robot normally sees only a part of the scene, which means that the1090

full object context information is not available from the current sensor data (see
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Figure 12: Confusion matrix of the combined method (CRF+A+Loc in Table 7) – classifica-

tion accuracy: 86.82%.

Figure 5).

Since an object is assigned a new track id when it leaves and then re-enters

the robot’s field of view, the number of tracks (387) is higher than the number

of unique objects (144). The predicted category was determined by the class1095

that was reported most often by the CRF for one particular track ID.

The results are summarized in Table 7. As expected, recognizing small

objects yields poor accuracy results when using only the local object recognition

method. However, our combined system exploits context to achieve a significant

improvement (29.22% increase in accuracy). For the remaining six objects,1100

the local object recognition method already delivers a high accuracy (91.15%),

so the improvement from exploiting context is not as large (2.0% increase in

accuracy). This shows that exploiting context is most useful in those cases where

objects are ambiguous and hard to distinguish based on local appearance alone,

but also improves accuracy in the other cases. The results also demonstrate1105

the performance boost by using context with objects outside the current field
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Table 7: Classification accuracy on sub-datasets. Loc: local object recognition only [base line;

49]; CRF+A: CRF only, but with objects outside the field of view supplied by Anchoring;

CRF+Loc: CRF integrated with local object recognition; CRF+A+Loc: complete, proposed

system (CRF, anchoring, local object recognition)

Loc CRF+A CRF+Loc CRF+A+Loc

small objects (fork, knife, spoon) 46.32% 75.00% 72.58% 75.54%

other objects 91.15% 90.73% 94.38% 93.15%

total 76.64% 85.05% 85.43% 86.82%

of view (CRF+A, Sec. 4.2) and integrating local object recognition results into

the CRF (CRF+Loc, Section 4.3). In total, the complete combined system

(CRF+A+Loc) achieved an increase of 10.18% in accuracy over the employed

local object recognition method [49]. Figure 12 shows the aggregated confusion1110

matrix yielded by the proposed system on the dataset.

Notice that the achieved accuracy partially depends on the success of the

local object recognition method, as mentioned in Section 4.1. Since this method

could be replaced by any other method providing the same output, the impor-

tant thing here is not the reported figures about success percentages, but the fact1115

that the exploitation of contextual relations largely improves it performance.

Regarding computational costs, training, which has to be completed only

once, took on average 1421.5 s per fold. The runtime of feature extraction was

0.064 s, and for MAP inference 0.005 s per scene graph (excluding time for the

local object recognition). All experiments have been performed on a standard1120

laptop (2.6GHz Core i7 CPU, 8 GB RAM).

6. Conclusions

This work has presented an anchoring system able to exploit the contextual

relations of the objects in the scene to achieve more coherent and stable results,

aiming to build suitable representations of the robot workspace. This is a criti-1125

cal aspect of these systems when running in robotic architectures, since a wrong

linking between an object and its category would end up with failures, for exam-
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ple, during task planing or execution. To achieve that we rely on a probabilistic,

context-based recognition method based on Conditional Random Fields (CRF).

These Probabilistic Graphical Models are typically used to model and exploit1130

the relations in a given scene but, in combination with anchoring, here it is also

possible to consider nearby objects beyond the field of view of the sensor, which

also improves its performance. With this combination of techniques we reach

an online operation, the system being able to continually process single frames,

a requirement for most plan-based robot control systems.1135

The proposed system also incorporates in the CRF formulation the output

of a local object recognition method, which individually classifies objects by

providing a vector of confidence values about their belonging to the considered

categories. Although we have described this method as a part of the anchoring

system, it can be replaced by any other yielding those confidence values.1140

The usefulness of the system has been demonstrated in the RACE project,

where it was employed for anchoring object symbols used by the planner, execu-

tion monitor and human-robot interaction to object perceptions from 3D sensor

data produced by an object recognition system.

To evaluate the particularities of this proposal we collected a dataset of 151145

scenes with table-top settings. This dataset is specially challenging for both

local and contextual object recognition methods, so it results in a good testbed

for the system. The conducted experiments assessed both the object association

and object recognition capabilities of the system. For the first one, the results

reported a precision of 0.95, a recall of 0.94, and a F1-score of 0.94. The figures1150

provided for the recognition were also positive: a 86.82% of success. Notice that

the CRF-based recognition process exploits the output of both the local object

recognition method and an initial anchoring process. The utilization of these

sources of information has proven to be valuable, getting a higher success than

the CRF configurations that do not employ that. These results also show the1155

benefits of exploiting context in comparison with a local recognition method.

The computational costs analysis reported a runtime for the feature extraction

of 0.064s on average, and for CRF inference of 5ms.
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Currently we are studying how to exploit contextual relations just before the

initial anchoring process, which will made the system output even more coherent1160

and robust. Additionally we plan to exploit the world model representation for

efficiently performing robotic tasks, like object search.
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