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Abstract

Augmented Reality (AR) systems based on the Simultaneous Localization
and Mapping (SLAM) problem have received much attention in the last
few years. SLAM allows AR applications on unprepared environments, i.e.,
without markers. However, by eliminating the marker object, we lose the
referential for virtual object projection and the main source of interaction
between real and virtual elements. In the recent literature, we found works
that integrate an object recognition system to the SLAM in a way the objects
are incorporated into the map. In this work, we propose a novel optimization
framework for an object-aware SLAM system capable of simultaneously
estimating the camera and moving objects positioning in the map. In this way,
we can combine the advantages of both marker- and SLAM-based methods.
We implement our proposed framework over state-of-the-art SLAM software
and demonstrate potential applications for AR like the total occlusion of the
marker object.
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1 Introduction

The Simultaneous Localization and Mapping (SLAM) problem arouse from
the robotics field to make autonomous robots. It dates back to the mid-80s
with works like [1] and [2] showing how to represent and manipulate the
geometric uncertainty between successive observations of landmarks. The
first real demonstrations came from early 2000s [3, 4, 5, 6]. A SLAM system
must be able to estimate the robot pose (position and orientation) in the world
and, at the same time, build a map of the environment, from measurements
taken by a set of sensors coupled to the robot. When only cameras are used,
the problem becomes purely visual and is addressed from the Computer
Vision area, expanding the application domain. SLAM-based Augmented
Reality (AR) is a growing line of research and it is our scope here.

The main difference between SLAM-based AR and the classical marker-
based AR is that the first one does not depend on previous information about
the scene to track the camera, i.e., visible markers are unnecessary. A good
referential for augmentations is still needed though. Purely SLAM-based AR
systems search in the generated map a known structure like a plane [7, 8].
Object-aware SLAM integrates a recognition system to the pipeline and
uses the recognized objects as the referential [9, 10]. The problem becomes
even harder when moving artifacts are present in the environment due to the
intrinsic nature of mapping. And it is even worse when we have observations
taken only from a monocular RGB camera.

In this work, we deal with the monocular SLAM problem when moving
objects are present in the environment. But, unlike most of the previous works
that discard or ignore the moving features, we want to recognize these objects,
put them in the map and track their position over time relative to a fixed
global frame. The challenge here is to distinguish camera motion from object
movement on the 3D space with a single take at a time. We hypothesize that
only geometric relations between the camera and the map can distinguish
these motions, provided there are some visible static points. In this way, we
expect to solve the occlusion problem associated with marker-based AR.

In the SLAM literature, there are two ways to approach the problem:
filter-based or graph-based. The study carried out in [11] found that to obtain
better accuracy for the visual SLAM problem, it is more advantageous to
increase the number of points than the number of observations. Hence, graph-
based approaches, more specifically those that use a geometric formulation
for the map optimization, tend to get better accuracy than those filter-based
ones. Although this conclusion was taken for static maps, we assume that
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it can be generalized for our dynamic map, because the whole map is static
in one single instant and we want just the objects’ current position. The gold
standard method for graph-based SLAM approaches is the PTAM framework
[7] that was the first to break down the concept of truly simultaneous local-
ization and mapping by splitting out the problem into two concurrent threads.
Subsequent works, as the one presented in this paper, use the same strategy.

Our contribution in this work is twofold. First, for the dynamic SLAM
problem, we present a novel optimization framework capable of updating
multiple moving elements positioning in the map at the actual frame rate.
This means we can estimate the 6 degrees of freedom (6DoF) of both moving
objects and the camera without jeopardizing the overall performance. Second,
for the AR domain, we increase the level of interaction between real and
virtual worlds by combining the advantages of marker- and SLAM-based
methods. With our proposal, the camera has more freedom to move, since
its tracking does not depend only on markers, as it uses also background
features. But the markers (in our case, natural markers) are there, providing
the referential for augmentations and the interface to the virtual environment.

The remainder of this work is organized as follows: Section 2 describes
the related works; Section 3 introduces our optimization framework for
moving object tracking. Section 4 shows how we implemented our system,
the techniques and libraries adopted; Section 5 presents our experimental
results and discuss them; Finally, we close our work in Section 6 with our
conclusions and proposals for future works.

2 Related Work

One of the first works to integrate object recognition in a graph-based
monocular SLAM was the one by [12]. The authors added a new background
thread to a PTAM-like framework responsible for object recognition and
placement. They built a database with dozens of planar pictures described
by SIFT features [13], although the SLAM part was describing key-frames
with FAST features [14]. Therefore, the recognition thread had the rework
of re-describing the key-frame, but with SIFT features, to match them with
the database. When an object is found in two or more key-frames, the corre-
sponding points are triangulated and a 7DoF pose is estimated. The authors
did not feed the SLAM with the object pose, i.e., the map optimization was
taking into account just points and cameras. Therefore, objects were assumed
to be static.
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In [9] a PTAM-like framework to develop a scalable object tracking sys-
tem for AR applications was also used. SIFT features were the base of their
object detection algorithm. They did not build an offline database. Instead,
the authors proposed a novel semi-automatic interactive modeling system
capable of registering new objects online. Once an object is registered, key-
frames that look at it are retrieved from the map and added to a vocabulary
tree. The detection matches the input image to the most similar key-frames
retrieved from the vocabulary tree. Inlier correspondences feed the tracking
process that re-localizes them in the current frame and updates the object
6DoF pose using a Gauss-Newton algorithm. Theoretically, their method is
able to track moving objects, but they did not show any experiment in this
way.

Employing meta-programming techniques, [10] proposed the Dynami-
cally Constrained SLAM (DCSLAM). The main point about this system
is that it generates, at compile-time, a dedicated least-squares optimization
algorithm. This allows superior performance compared to other state-of-the-
art optimization libraries. Classes of objects are defined a priori so after
detecting a new object it is added to the optimization process with known
constraints. The recognition step is a semi-automatic process that the user
may select an area in the image where the object is present. The algorithm
tries to fit the reconstructed points inside the selected convex hull with each
3D model of object class and the best fit is kept.

The first work to achieve real-time performance for large databases (up
to 500 objects) was presented in [15]. The structure of the object database
(ODB) followed a Bag-of-Words (BoW) scheme [16], with inverted and
direct indexes and a visual vocabulary. The vocabulary is a clustered tree
built from a set of binary features extracted from the entire object model.
Inverted index maps a word (tree leave) to objects that contain this word.
Direct index maps an object to a list of nodes with the corresponding features
under each node. The ODB provides support to the recognition algorithm
by quickly identifying possible objects in the image. A novel object-aware
bundle adjustment formulation jointly optimizes points, cameras, objects and
the map scale.

For the sake of completeness, there are also relevant works on the pose
estimation field that could be combined to a SLAM system to perform some-
thing similar to our proposal. Among the most recent works, [17] proposes a
region-based Gauss Newton approach for tracking of 3D objects using just a
monocular camera; BB8 [18] and DeepIM [19] use a Convolutional Neural
Network (CNN) to predict or refine the 6D pose of objects on RGB images.
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In the recent literature we found many works approaching the moving
object tracking problem with a SLAM framework, but using RGB-D cam-
eras [20, 21, 22, 23, 24] instead of monocular cameras. Most monocular
works are still assuming a static scene. The work that proposes a solution
closer to the one presented in this paper is [9], but as we mentioned above,
they do not provide any experiment or example on moving objects. They
focused on demonstrating their scalable approach and the feasibility of their
online registration method.

3 Proposed Optimization Framework

Given an input image and a map containing points and objects (with known
structure), our goal is to optimize the camera and the object map to a state of
least projective error.

The SLAM front-end provides a guess for the current camera pose,
T, € SE(3) and a set of 2D-to-3D correspondences between the image and
the map, M = { (&; ;, Z., ;) }. If the world point &, ; comes from an object o,
it has a corresponding local point %, ; from the object structure. This structure
can be obtained in different ways as we saw in the related works. The map,
besides world points, also give us the last known pose T, , € SE(3) of each
object o.

We define the state vector of the current frame ¢ with NV visible objects as
Di = [Tews Twoors -+ s Tw,on |» Where the vectors T = [t ty, 2, ¢z, @y, 2] €
RS are the minimal representation of each SE(3) pose. The t,, ty,t, com-
ponents are the translation-part and q., gy, . are the imaginary-part of the
rotation quaternion, whose real component g, = sqrt(1 — ¢2 — qg - q%).
We can retrieve the matrix-form of the transformation by applying a function
¢ : RS — SE(3).

The state vector is optimized following Equation (1).

p; = argmin Z (1—wv;) E(Bij; pi) + v; B(0;j5; pi) (1)
Pe (@80, €M
The binary parameter v; is set to 1 if the world point 7, ; has a corre-

sponding local point 7, ;, otherwise, it is set to 0. The function E computes
the cost associated to the input error vector according to Equation (2).

E(e;j; pi) = P(ezj‘ Q;jl €i;) 2)

Where p is a cost function and £2; ; is the covariance matrix that models
the correspondence uncertainty, which is supposed to be uncorrelated and
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to follow a Gaussian distribution. Thus, €2; ; = crﬁ jI2><2, where o; ; is the
Gaussian standard deviation.

The error vectors 3; ; and 0; ; are defined as the difference between the
observed image point and the projection of its corresponding 3D point. They
differ in the 3D point used for projection. Vector 3; ; is computed by directly
projecting the world point, &', ;, on the image (Equation (3)).

IBi,j = fi,j - 7r(¢(7-c,w) fw,j) (3)

The computation of the vector 8; ; first transforms the local point Z, ; to
the world frame by the corresponding object pose. Then it is transformed to
the camera space and, finally, to the image domain (Equation (4)).

0;; =7 ; — ©(d(Tew) d(Two) Toj)) 4)

In both equations, = : R3> — R? is the camera projection function
obtained from an offline calibration step.

4 Implementation

We develop our system over the ORB-SLAM2 [25] source code.! ORB-
SLAM?2 is a state-of-the-art graph-based SLAM system for both monocular,
stereo and RGB-D cameras. In our work, we use only the monocular module,
first published in [26]. To make this paper self-contained, we briefly describe
its operation in a dedicated section. For a better integration between our
proposal and ORB-SLAM?2, we developed our framework under the same
dependencies as this one. We use its modified versions of the third-party
libraries g2o0 [27] and DBoW2 [16], but for the latter, we also imported
the database module from the original implementation,” since ORB-SLAM2
does not include it. Our code was written in C++11 language using OpenCV
3.4 data structures and algorithms.

We organize the following subsections as follows: 4.1 summarizes the
monocular ORB-SLAM?2 operation; 4.2 specifies implementation details of
the proposed framework; 4.3 depicts our offline object registration method;
4.4 details the object mapping tasks; 4.5 presents a way to deal with false-
negatives mismatches; 4.6 describes the object state machine.

! Available at github.com/raulmur/ORB_SLAM?2 [Online; 17/11/2020].
2 Available at github.com/dorian3d/DBoW?2 [Online; 17/11/2020].
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4.1 ORB-SLAM2

ORB-SLAM2 is a feature-based SLAM technique, which means it extracts
from the sensor stream a smaller subset of representative data. The ORB-
prefix comes from the feature extractor technique it uses. The Oriented
FAST and Rotated BRIEF [28], as the name suggests, is a combination of
two modified techniques: The FAST corner detector [14] and the BRIEF
binary descriptor extractor [29]. The ORB descriptor is a 256-bit array, fast
for computing and matching with good accuracy, even in pairs with some
differences in scale, rotation, viewpoint and illumination. ORB-SLAM?2 uses
ORB descriptors for all tasks that demand data association, such as pose
estimation, place recognition, point triangulation and loop detection. We also
use this technique for our object recognition module. Figure 1.a provides an
overview of the ORB-SLLAM?2 operation that we describe below.

First of all, the map needs to be initialized. This is performed in an
automatic process in which the system tries to find a homography or a
fundamental matrix between two views. When the correct model is found,
the corresponding points in the views are triangulated and the map is created
with these points and the two cameras. The first camera defines the world
coordinate frame. The system also identifies a bad initialization in the next
frames and automatically resets itself, if applicable.

w M B E

R Object Place
| Extract ORB KeyFrame Catabase  Recogniton

Features Insertion

v v TS
Extract KeyFrqme . | Candidates - Ma RECEnt H”]
ORB Features Insertion f Detection ‘Ma-\ Iniualization MapPeints Mag
* Map Recent ? : e Gulling
Initialization Map‘F;_émts ;:—’:u::t; Pose P‘I;!rdlctlon
Pose Prediction Culling b Relocalization ";m:‘?;'_‘"' State Update
or . 3
lizati MapPoints . Recognitior Track
Relocalization Creation Loop Fusion Local Map
Track (new framework) Local BA Recognition
Local Map Optimize
Local BA Es\sz.am.-a. New KeyFrame |
Graph Dwclslon 1 Local
KeyFrame _ | Local KeyFrames = Placement
Decision ) Culling
Ke):Frames - Full | Update
Culling BA Map
TRACKING LOCAL MAPPING OQBJECT MAPPING
TRACKING LOCAL LOOP CLOSING THREAD THREAD THREAD
THREAD MAPFING THREAD
(a) ORB-SLAM?2. (b) Our System.

Figure 1 Overview of ORB-SLLAM?2 operation side by side with our modified version. Blue
elements highlight our changes over the original implementation. Map representation was
changed to incorporate objects. We deactivated the LoopClosing module and introduced the
Object Mapping thread instead.
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When the map is ready, ORB descriptors are extracted from the current
frame and an initial camera pose is estimated. The way this operation is
performed depends on the tracking state. If it is OK (not lost), then the
pose is updated by a motion model, a projection-based matching tries to find
new map-to-image matches, and a motion-only Bundle Adjustment (BA) [27]
optimizes the pose. Otherwise, the camera re-localization process takes place.
In a nutshell, the re-localization searches for similar key-frames in the place
recognition database (built online) using a Bag of Words (BoW) scheme [16],
then performs a series of PnP pose estimation, projection-based matching and
motion-only BA until finding a pose supported by enough inliers or achieve
the maximum number of iterations.

With a rough estimation of the current pose, the local map is updated.
It is composed of all key-frames that share an observation with the frame,
some of their neighbors in the pose graph, and all map-points observed by all
these local key-frames. Then, a projection-based matching algorithm searches
for correspondences between the local map and the current frame. These
matches feed the final BA optimization and the number of inliers will define
the tracking state for the next frame. The final front-end step is to decide if
the current frame will become a new key-frame based on several conditions
defined in [26].

ORB-SLAM?2 back-end is composed of Local Mapping and Loop Closing
threads. The core of the first one is the local BA that optimizes the entire local
map both for structure and motion. This thread is also responsible to update
the pose graph, to remove recently added bad map points, to triangulate
new points and to remove redundant key-frames from the map. The Loop
Closing thread detects when a loop occurs in the map, i.e., when a previously
visited area is again observed after some time. This is important to correct
the scale drift accumulated over time and to maintain the consistency of the
map in long-term operation. When a loop is detected, the pose graph is opti-
mized by a similarity transformation (7DoF). If this operation is successfully
done, the system launches a temporary thread to perform a full map global
optimization.

In our modified version (Figure 1.b), the Local Mapping works the same
way, but ignoring object points; Loop Closing was deactivated because we
deal with small environments; Tracking executes the same steps, but the final
BA optimization was changed by our proposed optimization framework; And
we add a new back-end thread responsible to recognize target objects and
place them in the map.
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4.2 Object and Camera Tracking

The implementation of the proposed optimization framework, defined in
Section 3 (and any other pose optimization process used in this work) was
done by using the g2o library [27]. It is an open-source C++ framework
for optimizing graph-based nonlinear error functions.®> In this library, the
optimization problem is represented by a hypergraph, where the nodes are the
components of the state vector and edges define constraints between nodes.

Each 6DoF sub-vector T in our state vector p; defines a node. Each
background point 7, ; defines a self-loop edge in the camera node, 7 ,,, with
constraint defined by the error 3; ;, where 7 is the index of the current frame.
Each object point 7, ; defines an edge from the corresponding object node,
Tw,o» t0 the camera node, with constraint defined by the error 6; ;. Given the
calibration matrix, the camera projection function 7r is trivially described by
the intrinsic camera parameters.

Equation (2) needs a cost function p. In this work, it is defined as
the Huber loss function described by Equation (5), where the threshold ¢
is obtained from the x? distribution at 95% confidence and 3 degrees of
freedom, which in this case gives 2 = x3 5(3) = 7.815. The Gaussian
standard deviation o; ; was set to the scale factor of the pyramid level where
the corresponding ORB feature was extracted.

def _ € ce < 62
p_pH(e)_{Q(S\/g_(;Q e > 62 %)

Finally, we set the linear Cholesky decomposition algorithm to solve
linear systems and the Levenberg-Marquardt algorithm to do non-linear
least-squares optimization.

4.3 Object Database Registration

We built an object database (ODB) for the object recognition task. The ODB
stores 3D reconstructed points and an ORB descriptor set extracted from
several images of the object with different perspectives. Object features are
transformed into a Bag of Words (BoW) representation, with an inverted
index and a direct index [16]. To make the registration process easier for
the user, we perform a synthetic object reconstruction from only one digital
image. For planar objects, like books, magazines, and photos in general, this
approach is straightforward. Figure 2 shows each step of the registration

3Original code: github.com/RainerKuemmerle/g20 [Online; 17/11/2020].
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(¢) Svnthetic images. (d) Extracted features.

Figure2 Object registration steps. Given a digital image and the object scale (in meters): (a)
Pixels are retro-projected to 3D space; (b) 24 virtual cameras are positioned over the surface
of a semi-sphere around the object in order to cover several perspectives; (c) Image viewed
by each virtual camera; (d) ORB features are extracted for each image; (¢) 3D points not
associated with, at least, two ORB descriptors are filtered out. In this example, the input image
had 1,543,500 pixels and the database received 21,418 3D points and 53,987 ORB descriptors.

method. In our experiments, we built a small database composed of 5 planar
objects.

4.4 Object Mapping

Object mapping is the process that recognizes new objects in the input image,
finds 3D correspondences and fuses the SLAM static map with the object
point cloud. It is divided into two tasks: Recognition and Placement, which
we describe below.

4.4.1 Recognition
Our object recognition algorithm was inspired by the work in [15], but with
some adaptations due to the dynamic nature of our scenario and the small
database we built.

Given a new key-frame already processed by Local Mapping, we query
the ODB by passing the BoW representation of the entire image. This oper-
ation returns the best candidate objects presented in the image (we select the
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top-2). Then, we perform ORB descriptor matching between each candidate
and the key-frame. We use their BoW representation to reduce the search
space in a way that only pairs of features under the same node at a pre-defined
level on the vocabulary tree are compared. We follow the ORB-SLAM?2 that
uses a similar method to support re-localization and loop detection tasks and
we define this level for the second one (top-down) in a vocabulary tree of 6
levels.

If enough matches are found (empirically defined as 30), we solve a
Perspective-n-Point (PnP) problem to find an object pose relative to the
camera (T.,). A RANSAC scheme [30] run the algorithm proposed by
[31] until the maximum number of iterations (100) is performed or the re-
projection error is less than sqrt(x3 (5(2)) = v/5.991. If the estimated pose
is supported by a minimum number of inliers (20), we take an observation.
When two observations for the same object is taken, its detection is confirmed
and it passes to the next step.

4.4.2 Placement

In order to place the detected object in the map, we need to know its pose
relative to the world frame (T’, ,). A rough computation for this pose can be
made by composing the known transformations Ty, . and T¢. ,. This formula
assumes that the scale, s, ,, between world and object spaces is equal to
one. Therefore, we compose these rigid poses, but then we optimize the
composed transformation and the scale by minimizing an alignment error
function, described by Equation (6).

Tw,o = argmin Z pH(ajT QZI a;) (6)
A
The object state is parameterized as the minimal representation of the
similarity pose, Two = [tz,ty,ts,0z,qy,qz, s|. The alignment errors a;
defined by Equation (7) are supposed to be uncorrelated and to follow a Gaus-
sian distribution. Adopting the standard deviation of the point triangulation,
o = 0.01, we define the covariance matrix as Q4 = 02 I5,3.

a; = fw;j - (¢(Tw7o) fog‘) (7)

The function ¢ : R” — Sim(3) maps the state vector to the similarity
matrix it represents; (', j, Zo,;) is the j-th pair of 3D points corresponding to
the object in the world and local frames.

At this point, if the estimation was supported by enough inliers, we have
a good guess for the similarity transformation between object and world
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frames. Then we can perform a projection-based matching to find more object
points in the map. If we found at least 3 more matches, we optimize the
similarity again.

Finally, we fuse the SLAM map with the object point cloud. For this
operation, we take each corresponding pair (&, ;,Z, ;) and copy the meta-
data with all observations of the map-point &, j to a new one created for Z, ;.
The coordinates of this new map-point are computed as ¢ (7 ) Zo ;. Then
we remove each @, ; from the SLAM map and add the map-object instance
with all its map-points.

4.5 False-negatives Rejection

Our proposal is very sensitive to false-negative mismatches. Map-points that
belongs to an object, but data association does not match them for any reason,
will be treated as a background static point. If the object moves to another
place, these points will remain stationary. Over time, this breaks the map’s
consistency, causing problems in every module of the system. To address this
issue, we developed a simple strategy to deal with these unmatched points.
First, we take the bounding box of an object, project their vertices in the key-
frame image and compute their Minimum Bounding Rectangle (MBR). Then
we take the key-frame features inside the MBR and for those not matched
with the object, we check if its corresponding map-points are inside the 3D
bounding box. These points are erased from the map. This process runs for
every key-frame.

4.6 State Machine

After an object is placed in the map, recognition is no more required for it.
Therefore, back-end now updates the object visibility state. The state machine
diagram is illustrated in Figure 3 and we will detail it in the following
paragraphs.

From the moment an object registered in the database is defined as a target
of the system by the user, it is retrieved from the database and put on the
not-found state. While there are not-found objects, our system performs the
object mapping process. When an object is detected, its state changes to the
one named as schrodinger.

The name of this state is a reference to the famous Schrédinger’s Cat
experiment [32]. Although the object has been detected, this is true for a key-
frame in the back-end thread, i.e., for an instant in the past. The front-end is
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[
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not-found
do: object mapping

object detected
lost system fail schrédinger object tracked visible
entry/do: object do: check visibility and, do: object tracking
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object found tracking failure

L J

out of camera view

Figure 3 Object visibility state machine diagram.

probably dozens of frames ahead. So we do not know if the object is visible
or lost for the current frame. We will only know after “looking at what is
inside the box”.

While the object is on schrddinger state, both front-end and back-end can
change it. If front-end can locate the object, it is changed to visible and only a
potential future failure in the tracking will lead to another state change, back
to schrodinger. The back-end, in turn, will try to check if the object is not
visible due to a system failure or simply because it is out of the camera field
of view (Section 4.6.1). It is only possible to discriminate these two cases
because the camera localization is independent of the object tracking. If the
system realizes the object is out of the camera field of view, then the object
remains on schrodinger state. Otherwise, there was a system failure, so the
state changes to lost.

As soon as the object enters the lost state, the re-localization algorithm
(Section 4.6.2) is invoked for the same key-frame that caused the transition to
corroborate the visibility checking result. If the re-localization is successful
then the object immediately changes back to schrodinger. Otherwise, the state
is kept until the object is re-localized in some future key-frame.

While the object is on the visible state, back-end only tries to find new
3D correspondences by projection-based matching to feed the local map and
support the tracking.

4.6.1 Checking object visibility
To verify if an object is not visible in front-end due a system failure or because
it is out the camera field of view, we take the object’s MBR and compute
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the intersection area between it and the image. Then we compute the ratio
between the intersection area and the whole image. A threshold of value 0.07
was empirically defined. This implies the object will be treated as out of the
camera field of view if it occupies, at least, 7% of the total image area.

4.6.2 Object re-localization

Re-localization is a simplified recognition step, i.e., without querying the
database and performing a PnP estimation. It starts by matching ORB
descriptors of the lost object and the key-frame, following the BoW-based
formulation. With enough matches, the last valid similarity is optimized
for the new matches. With enough inliers, projection-based matching is
performed and the 7DoF pose is optimized again.

5 Experimental Results

Object-aware SLAM works in the literature usually evaluates, in a numerical
way, only the camera localization accuracy. The accuracy of the object
placement or tracking is only evaluated qualitatively. To numerically eval-
uate the object tracking accuracy, we defined a measurement error formula
(Section 5.1). Since we did not find in the literature compatible datasets to
our proposal, we built a small dataset with common movements for an AR
application (Section 5.2). We execute our system and take accuracy for each
sequence of our dataset (Section 5.4). We also implement some AR demo
apps using our system and show the visual results (Section 5.3). We close
this section with a discussion about the obtained results (Section 5.5).

5.1 Cube Displacement Error (CDE)

Cube displacement error is our adaptation of the measurement proposed by
[33] to evaluate calibration quality in the fiducial markers arbitrary field. For
each frame, the error is defined as the average displacement of the 8 vertices
of a cube projected over the object frame. In other words, let T; , = T; ,, X
T, be the object pose relative to the camera ¢, let T;", be that ground-truth
transformation and let U be the set of vertices of a cube centered at the origin
with side length s. We define CDE for frame ¢ as shown in Equation (8).
cpEli] Y é > T = Toovl| (8)
veY
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Figure 4 Marker object used in our sequences. The fiducial marker in the center has side
s = 7cm, while the entire texture has dimension 24,7 cm x 17,3 cm.

We compute the root-mean-squared error (RMSE) for our CDE measure-
ment by the Equation (9).

of | 1
RMSE[CDE] ™ || =" |CDE[i ]| ©)
i=1

We also calculate the arithmetic mean and standard deviation for all
frames in which the object was considered visible. In this way, we can
indirectly evaluate the quality of the estimated rigid transformation in each
frame and also the scale computed in the detection. The cube edge length s
is defined as the dimensions, in meters, of the fiducial marker centered in our
target object (Figure 4).

5.2 Dataset

We record 6 video sequences (S1 to S6) with duration about 30 to 40 seconds
per video. We captured images with a resolution of 640x480 pixels by a
Microsoft LifeCam RGB camera at 30 frames per second. Each sequence
provides a specific test, with different movements.

S1 We keep the marker stationary on a table and manually translate the
camera over straight lines.

S2 Marker still fixed, we manually translate the camera around the marker
center, rotating the camera to keep the focus at the center. The distance
also changes.
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S3 Here we fix the camera and manually translate the marker on the table
over its X- and y-axis;

S4 Camera still fixed, we manually rotate the marker on the table around its
center in a full 360-degrees;

S5 Camera fixed again, we manually do an out-plane rotation until the
marker plane is almost orthogonal to the camera. Then we manually
translate the marker toward the camera;

S6 Free motion. We simultaneously move both the marker and the camera
freely.

We employed the ARToolKit library* to determine the ground-truth of
each sequence. ARToolkit is an open-source library’ specialized in tracking
fiducial markers. Hence, we created a textured planar object® with a fiducial
marker in its center, whose defines the world origin (Figure 4).

Due the map initialization process, we synchronize our system with the
ARToolKit by recording for a few seconds part of the scenario with multiple
features without the marker object. Then, we move the camera until we frame
the object correctly in the image and proceed with the planned test.

5.3 Augmented Reality Applications

Our proposal enables object movement throughout the map while they are
visible by the camera. To demonstrate this, we implemented an AR applica-
tion with one target object that we move freely through the scene. Figure 5
shows some frames of this application and the corresponding map state for
that frame.

Multiple targets are also allowed by our proposal (Figures 6(a,e) 6(b)).
The computational cost of inserting more targets is proportional to the
computational cost of inserting more cameras to a motion-only Bundle
Adjustment. Only a 6DoF node is added in the optimization graph for each
new target. The number of constraints is defined by the number of observed
map-points, which is the same for each scene regardless the number of
targets.

All the above applications are possible with a classical marker-based
tracking system. The main advantage of using SLAM-based systems to build

*Actually, we employed artoolkitX that is the current official name of the open-source
version, but for convenience, we still refer it by ARToolKit.

SRepository: github.com/artoolkitx/artoolkitx [Online; 17/11/2020].

SWe used a Vuforia pattern: library.vuforia.com [Online; 17/11/2020].


github.com/artoolkitx/artoolkitx
library.vuforia.com
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(d) (e) ()
Figure 5 Moving object tracking demo: At the top, some application frames, and at the
bottom, the corresponding map state.

Augmented Reality applications is the possibility to keep the augmentation
visible even when the marker object is entirely out of the camera view. This
is only possible because the camera localization is independent of the object
that marks the referential. In this way, we can also solve the marker total
occlusion problem (Figures 6(c,e) 6(d)).

5.4 Object Tracking Accuracy

To evaluate the accuracy of the object positioning, we run our system 5 times
for each sequence and record the object trajectory in a file. Then we compare
our estimated trajectories to the one obtained by ARToolKit. We select the
median RMSE among the 5 executions and expose these results in Table 1
that also shows the proportional error with reference to the cube size, the
standard deviation, and the maximum error. The evolution of CDE over time
is shown in Figure 7.

Note that ARToolKit also provides just an estimation of the pose, so what
we are evaluating here is how close our system is from ARToolKit. Another
note is that CDE encapsulates both object tracking and camera localization
errors, since the transformation T, , is the composition of the model (T, )
and the view (T ,,) matrices.
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(d)

Figure 6 Demos of (a)—(b) multiple targets tracking and (c)—(d) marker total occlusion.

Table 1 Cube displacement error (cm)
SEQ. RMSE (%*)  STD (%) MAX
S1 1.726 (24.66)  0.790 (11.29) 4.529
S2 2.769 (39.56)  1.352(19.31) 9.298
S3 1.459 (20.84)  0.627 (08.96) 4917
S4 2.407 (34.39)  0.645 (09.21) 9.306
S5 2.455(35.07) 1.217(17.39) 8.112
S6 2.224 (31.77)  0.847 (12.10) 4.725

*Proportional error relative to the cube size (7cm).

5.5 Discussion

We can note from Table 1 that the maximum error in 3 sequences is distorted,
totally misaligned with the marker. Looking at the graphs in Figure 7 we
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Figure 7 Evolution of the CDE error per frame on each recorded sequence.

can see that these peaks occur at the first frame in which the object is
visible. Thus, we can associate this result to a problem in the object mapping
task, probably caused by mismatches. An evidence of this is illustrated in
Figure 8.a, where we can see a slight blur effect. The same figure, on the right,
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Figure 8 CDE visualization for two subsequent frames of the S2 sequence. The left frame
shows a detection error (note the blur on it), it is the first frame right after the target
recognition, but as we see on the right frame, the error is immediately corrected by our front-
end optimization.

shows the CDE for the subsequent frame. The error was corrected, giving us
a demonstration of the feasibility of our optimization framework.

It is worth noting that the quality of the camera have high impact in CDE
measurements. We believe that using a camera with a higher frame rate can
mitigate this problem by reducing the motion blur effect.

Graphs S2 and S5 (Figures 7(b) and 7(e), respectively) shows the effect as
we distance the camera from the object. In S2, when we frame the marker, we
distance the camera from it during the translation around it. The result is that
error increases over time. Before the end, we approach the object again and
error decreases. In S5, we have the opposite situation. We start by out-plane
rotating the marker and then translating it towards the camera. This effect
is probably related with ARToolKit trajectory due the well-known marker
distance problem.

Graphs S3 (Figure 7c()) and S4 (Figure 7(d)) illustrate a problem we can
identify by using the system. The translation movement is more challenging
for our implementation than rotation. It is worth considering that the CDE
captures this problem. We can note the S4 graph is more constant than S3
which has many peaks and valleys. During translations, we note that valleys
appear when the movement stops, and the peaks appear during the motion.
A possible reason for this issue is probably related to the projection-based
matching. A translation distances object points from its expected window
more than a pure rotation. Thereby, fewer matches may be found or more
outliers may be introduced, degrading the accuracy of the optimization.
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The demos in Section 5.3 demonstrate that our proposal not only allows
new applications in AR but also increases the interaction level between the
virtual and real environments. Interaction is a fundamental feature for any
AR software. Virtual objects must be over the same rules that act in the real
world to increase the immersion of the user. Any progress in this direction is
important and our work takes a small step in that way.

6 Conclusion and Future Works

This work presented a novel graph-based approach for tracking of mul-
tiple moving objects in an object-aware SLAM map. We developed an
optimization framework that can be attached to the front-end of an object-
aware SLAM system to track the camera simultaneously with objects in
small environments. Our proposal combines both advantages of marker- and
SLAM-based tracking systems. This means the camera is tracked even in
the absence of objects and, on the other hand, moving objects are tracked
relative to a global frame if they are visible. In this way, we provide a single
tracking system with the ability to handle movements and occlusions of
the marker object. Previous works are able to deal with only one of these
scenarios.

We implemented our proposal over the ORB-SLAM?2 [25] open-source
code. Hence, we also implemented an object recognition module to detect
and place objects in the map to feed our tracking method. We demonstrated
some applications in AR and discussed the visual results. We also proposed
a new approach to measure the tracking accuracy and built a small dataset
to do this job. The results evidence some limitations of the system, but also
demonstrate the validity of our hypothesis.

Our proposal can only estimate object movement if the scene provides
enough background points to support camera localization. Thus, moving
objects cannot occupy most of the observed image area, otherwise, the
system will assume the whole map is in motion. Other limitations are
implementation-dependent and most often related to the data association.
The feature-based method requires textured objects and details observation.
This substantially restricts the class of objects we can track, the distance we
can be from them and the speed they can move. Our solution for dealing
with false-negative mismatches is simple and does not cover some situations.
For instance, map-points not observed by the current key-frame. This causes
tracking failures and limits long-term operation. Addressing these limitations
is our main future work proposal.
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