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1 | INTRODUCTION

| Ivan Markovié | IvanPetrovié

Abstract

Autonomous navigation of unmanned aerial vehicles (UAVs) in GPS-denied environments is a chal-
lenging problem, especially for small-scale UAVs characterized by a small payload and limited bat-
tery autonomy. A possible solution to the aforementioned problem is vision-based simultaneous
localization and mapping (SLAM), since cameras, due to their dimensions, low weight, availability,
and large information bandwidth, circumvent all the constraints of UAVs. In this paper, we pro-
pose a stereo vision SLAM yielding very accurate localization and a dense map of the environment
developed with the aim to compete in the European Robotics Challenges (EuRoC) targeting air-
borne inspection of industrial facilities with small-scale UAVs. The proposed approach consists of
a novel stereo odometry algorithm relying on feature tracking (SOFT), which currently ranks first
among all stereo methods on the KITTI dataset. Relying on SOFT for pose estimation, we build
a feature-based pose graph SLAM solution, which we dub SOFT-SLAM. SOFT-SLAM has a com-
pletely separate odometry and mapping threads supporting large loop-closing and global consis-
tency. It also achieves a constant-time execution rate of 20 Hz with deterministic results using only
two threads of an onboard computer used in the challenge. The UAV running our SLAM algorithm
obtained the highest localization score in the EuRoC Challenge 3, Stage Ila-Benchmarking, Task
2. Furthermore, we also present an exhaustive evaluation of SOFT-SLAM on two popular public
datasets, and we compare it to other state-of-the-art approaches, namely ORB-SLAM2 and LSD-
SLAM. The results show that SOFT-SLAM obtains better localization accuracy on the majority of

datasets sequences, while also having a lower runtime.

precise sensor positioning, 2) rotary-wing UAVs that derive lift from

the rotary-wing system, not much unlike the helicopter; they have the

Autonomous unmanned aerial vehicles (UAVs) are receiving significant
attention in many communities, including academia, industry, and con-
sumer electronics. They are being used in a large spectrum of applica-
tions, from search-and-rescue operations, surveillance and border con-
trol, industrial plant inspection, agriculture, construction, film making,
and recreational use. This is not surprising since they offer unparalleled
capabilities in terms of ground coverage and maneuverability in com-
parison to land-based robots. However, these advantages come with
caveats, especially for small-scale and high-speed UAVs in terms of bat-
tery autonomy and payload, thus usually requiring light-weight navi-
gation sensors like cameras, especially in GPS-denied environments. In
general, there are three types of UAVs with respect to the construc-
tion and flying principles: 1) fixed-winged UAVs whose wing surface
generates the major lift; they usually have a higher payload and can
cover larger distances, but they cannot hover in one spot and provide

capabilities for precise positioning, but the propulsion system requires
more complicated control and maintenance, and 3) multirotor UAVs
that have the same capabilities as the rotary-wing, but are more sta-
ble and easier to control, although with somewhat shorter flight time
and ranges. Regardless of the UAV application and type, one of the pre-
requisites for their autonomous operation is the challenging real-time
localization with the available onboard sensors and limited computa-
tional resources.

The answer to the aforementioned challenge lies in simultaneous
localization and mapping (SLAM), a subject that has been researched
in the field of mobile robotics and autonomous systems for several
decades now.22 SLAM consists of simultaneously estimating the state
of the robot and the map of the environment. For the case of UAVs,
the state is usually a six-dimensional (6D) pose, although some other
quantities, like velocities and sensor biases, can also be included.
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The map of the environment depends on the used sensors and appli-
cation requirements; they can be sparse, consisting only of specific
features, e.g., points, lines, and corners, or dense with very accurate
and precise metric information, e.g., 3D surveying laser range scan-
ner maps. For the navigation of autonomous UAVs, sparse maps can
be adequate for state estimation; however, for the case of cluttered
areas, dense maps are necessary for obstacle/hazard avoidance. Given
the time that SLAM has been the focus of the research community, it is
temptingto ask if SLAMis solved or even if robots truly need SLAM. Ina
recent paper,? these difficult questions have been thoroughly analyzed
and the authors assert that, indeed, robots do require SLAM, and that
depending on the robot/environment/performance combination, there
are still unsolved challenges left in the field—one being in the field of
high-speed vision-based autonomous UAVs, which exhibit fast dynam-
ics and have limited sensor and computational resources.

As described in Ref. 3, SLAM attempts to build a globally consis-
tent representation of the environment at the same time leveraging
ego-motion, i.e., odometry, and loop closing. Since this paper is con-
cerned with vision-based localization for UAVs, we will focus mostly
on vision-based approaches. Odometry is the process of estimating the
robot position relative to its environment. It is a dead reckoning pro-
cess, meaning that the robot determines its motion incrementally by
integrating the current motion to the previously determined position.
As such, it is prone to cumulative errors, and the most common sensors
used for land-based odometry are wheel encoders. If the surrounding
scene has texture, one of the most accurate sensors for odometry is
a camera, and this process is then known as visual odometry.* From
two views taken from a single camera, rotation and translation up to a
scale can be obtained. On the other hand, having two views from a cali-
brated stereo camera, both the rotation and translation between them
can be exploited. A detailed survey of this topic is given in Refs. 5 and
6. Odometry based on motion integration is prone to drift, although
recent methods achieve very accurate performance both with”:8 and
without inertial information.? This drift was the main reason behind
the development of SLAM—a procedure that can correct for the odom-
etry drift by detecting already visited places, i.e., by making a loop clo-
sure. Without the loop closure part, SLAM reduces to odometry, and as
illustrated in Ref. 3, in that case the robot would “interpret the world as
an infinite corridor.”

The most successful implementations of SLAM rely on laser scan-
ners or (3D) cameras in static feature-rich environments.1011 SLAM
methods can be roughly divided in graph optimization and nonlinear fil-
tering approaches. Graph optimization approaches have received more
attention in recent years, while early nonlinear filtering approaches
were based on the extended Kalman filter (EKF). However, this is
not to say that filtering approaches cannot achieve state-of-the-art
performance.1? At the moment there are multiple libraries available
for solving SLAM,3 where for the present paper we use the general
framework for graph optimization (g20) from Ref. 13. For a detailed
survey and history of SLAM, the reader is referred to Refs. 1-3. Con-
cerning visual SLAM methods, they can also be divided in two groups:
feature-based and direct methods. Feature-based methods use fea-
tures such as lines, edges, corners, and detectors/descriptors such as
Harris,24 SIFT,1> SURF,16 FAST,!” or ORB!8 features to detect a sparse
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set of salient points from the real world, and they match them between
the frames. Examples of sparse vision SLAM solutions with different
types of features can be found in Refs. 19-28. Direct methods oper-
ate directly on pixel intensities. They use more information from the
image than methods with features, and therefore can eventually pro-
vide more accurate estimation in situations with poor lightning condi-
tions, low texture, and motion blur. Dense direct SLAM algorithms have
been proposed in Refs. 29 and 30; however, they are also computation-
ally demanding and require GPU implementation for real-time perfor-
mance. Furthermore, there are also semidense methods that exploit
only image areas with strong edges®31-32 and semidirect methods that
combine sparse features and direct methods,343° both achieving real-
time performance on CPUs. However, a common part of both feature-
based and direct methods is optimization over numerous features or
pixel intensities, which may be a highly redundant procedure. Further-
more, by employing the bundle adjustment, redundancy grows expo-
nentially. Since only three precise points are enough to compute the
exact camera pose, one question naturally arises: Is it possible to select
the best subset of features and compute the pose with minimal effort?

The main goal of the work presented in this paper was to develop
a SLAM module yielding very accurate localization and a dense map of
the environment that will be able to run in real-time on a UAV embed-
ded computer still leaving enough processing power for the control and
navigation algorithms in order to compete in Challenge 3 of the Euro-
pean Robotics Challenges (EuRoC). Since the provided onboard com-
puter has four cores, we decided to design SLAM that will operate only
on two cores, leaving the rest of the computational power for model
predictive control based position controller, sensor fusion, and other
critical tasks. Although a monocular camera and an inertial measure-
ment unit (IMU) can be used for the state estimation part of SLAM,
we decided to focus from the beginning on a stereo camera approach,
since such a camera setup was expected at EuRoC. In this paper, we
draw upon earlier work published in a conference paper,’ i.e., the SOFT
stereo visual odometry, and we extend it to form a sparse pose graph
SLAM solution with an environment map (SOFT-SLAM). The approach
we propose is most similar to the ORB-SLAM2—we also use the
same features for odometry, relocalization, and loop-closing, but with
several important distinctions that are summarized in the following

contributions:

1. Instead of the computationally more intensive bundle adjustment
for local localization, i.e., local SLAM, we use SOFT visual odome-
try, which yields ~0.8% position error with respect to the traversed
path and execution frequency of the proposed method of 20 Hz.
Currently, SOFT ranks the highest on the KITTI dataset! among the
visual odometry approaches.?

2. The proposed SLAM framework, which supports large loop clos-
ings, completely decouples the odometry and mapping thread,
yielding a constant runtime odometry with global consistency, i.e.,
an odometry that does not have to wait at any point for the mapping
thread. Furthermore, unlike ORB-SLAM2, which due to the nonde-
terministic nature of the multithreaded implementation produces
different results for the same data, SOFT-SLAM results are deter-

ministic, i.e., it always yields equal output for the same data.
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3. We use features from SOFT for loop closing that, as in the case of
ORB-SLAM2, makes the system highly efficient, simple, and reli-
able on a subpixel accuracy. Even though SOFT features are not
invariant to rotation and scale, we demonstrate on relevant pub-
lic datasets that loop closing occurs frequently enough to achieve
state-of-the-art results.

4. We perform a systematic evaluation on relevant public datasets
containing indoor and outdoor environments; concretely, including
UAV (EuRoC dataset) and car sequences (KITTI dataset).

Notably, we achieve better or equal camera localization accuracy on
the majority of sequences from the EuRoC3¢ and KITTI37 datasets in
comparison to the other state-of-the-art approaches, namely ORB-
SLAM2 and LSD-SLAM. Furthermore, our UAV running SOFT-SLAM
achieved the highest localization score on the EuRoC Challenge 3,
Stage lla-Benchmarking, Task 2.

The paper is organized as follows. Section 2 describes the related
work. In Section 3 we present an overview of the SOFT-SLAM local-
ization system. In Section 4 we present in detail the odometry thread,
while Section 5 is devoted to the mapping thread. Section 6 presents
exhaustive experimental results and comparison to the other state-of-

the-art approaches. Section 7 concludes the paper.

2 | RELATED WORK

Even though this paper is concerned with stereo visual odometry and
SLAM, we still reference monocular SLAM approaches since many
stereo methods rely upon them and they served as an inspiration
for this paper as well. Visual odometry was introduced in the semi-
nal paper® where solutions for relative motion estimation were pre-
sented for both monocular and stereo cameras. In Ref. 21, a real-time
monocular SLAM was presented, dubbed MonoSLAM, based on EKF
and a sparse map of high quality landmarks optimized toward enabling
localization. Therein the authors used the Shi and Thomasi detector38
asserting that such features, in comparison to SIFT, are more appro-
priate for continuous tracking due to their low computational cost.
However, they also point out the advantages of SIFT when it comes to
loop-closing with very weak priors. One of the main contributions of
MonoSLAM was an active approach to feature mapping and measure-
ment, meaning that, from the estimated feature localizations and per-
tinent uncertainties, a sensible strategy was devised for focusing only
on the most relevant parts of images in order to decide where to search
for matches. The authors also presented a general motion model for
smooth 3D camera movement and a top-down solution for monocu-
lar feature initialization, where after the first measurement only a 3D
semi-infinite line is set along which the feature must lie, after which
only depth is estimated from future observations in a probabilistic
manner. All this resulted with a sparse feature-based SLAM algorithm
running at 30 Hz in aroom-sized environment. Similarly to MonoSLAM,
in this paper we also focus on computationally inexpensive features of
high quality, but by using IMU information to aid in the search for pos-

sible matches, thus reducing the execution time.

Another feature-based seminal work in monocular vision was pre-
sented in Ref. 22 called parallel tracking and mapping (PTAM) for
augmented reality applications, wherein optimization for tracking and
mapping was separated in a bundle adjustment framework.394% How-
ever, PTAM lacks large loop-closing and adequate handling of occlu-
sions and is limited to small-scale operations.2> Building upon PTAM,
the authors of Ref. 27 presented the stereo version of the algorithm.
Therein, the authors also stressed the importance of the parallel frame-
work decoupling the time-constrained pose estimation from the map
building and refinement. For visual features they used the Shi and
Thomasi detector coupled with the BRIEF descriptor4! and performed
local bundle adjustment on a fixed number of queued keyframes. The
optimization algorithm that is used both in the pose estimation and
bundle adjustment is the general framework for graph optimization
(g20). All this resulted in a sparse feature-based algorithm running in
real-time. In this paper, we are also leveraging the PTAM idea of divid-
ing the SLAM problem in two parallel different threads: the camera
tracking, i.e., in our case the odometry to be precise, and the map opti-
mization. However, in our case we do not even share the map between
the threads, we only estimate the drift between the odometry thread
and the map itself. This way we ensure constant time execution of
the odometry and complete independence with respect to the map-
ping thread. In Ref. 25, a SLAM framework for monocular, stereo, and
RGBD cameras was proposed that uses the same set of features for the
visual odometry, mapping, relocalization, and loop-closing. The main

advantages of the used ORB features?8

are that good performance
can be obtained with respect to the algorithm complexity and feature
robustness to rotation, illumination, and (to a certain point) scale. The
workhorse of the ORB-SLAM2 can be divided in two optimization pro-
cedures. The first procedure is the local localization optimization that
performs bundle adjustment over both poses and features on a set of
key frames, resulting with the relative displacement between the first
and the last keyframe, i.e., the pose estimation. This approach is compu-
tationally very intensive and is, therefore, not used for the global opti-
mization. The second procedure is concerned with the global consis-
tency, i.e., the loop-closing algorithm. What ORB-SLAM2 does in this
step is to select a sparse set of keyframes, the so called essential graph,
and optimizes over them using only the poses. The result of this pro-
cedure is an updated sparse pose graph with a feature map consist-
ing of ORB features. The optimization algorithm that is used in both
procedures is g20. The SLAM framework that we propose is similar to
ORB-SLAM2—we also use the same features for odometry and loop-
closing, but with several important distinctions that were elaborated in
Section 1. Additionally, we also omit the mapping for localization pur-
poses, because (i) we achieve precise localization without the mapping,
hence we speed up the processing time, and (ii) for obstacle avoidance
we must have a dense map anyway, thus no advantage would by gained
by optimizing sparse map points—only valuable CPU power would be
used. Furthermore, under the assumption that the odometry has a low
position error, the search space for loop closing is constrained; there-
fore, we omit relocalization capability of ORB-SLAM?2 using bags of
words and instead implement a direct search for transformation on a

small number of nearby frames.
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Other recent visual odometry and SLAM approaches have concen-
trated on the direct approach where instead of focusing on salient
image points, like the feature-based methods, image pixel intensities
are used to infer about the camera motion in the environment. In
Ref. 32, a large-scale direct monocular SLAM (LSD-SLAM) was pro-
posed, which uses direct image alignment coupled with a filtering-
based estimation of semidense depth maps, and where the global map
is represented as a pose graph consisting of keyframes as vertices and
similarity transforms as edges. The tracking part is achieved by min-
imizing the photometric error using a Gauss-Newton optimization in
the algebra of the special Euclidean group, i.e., 8¢(3), while direct image
alignment between two differently scale keyframes is performed in
the algebra of the similarity group, i.e., 3tm(3). In the end, the map is
continuously optimized in the background using the g2o pose graph
optimization. LSD-SLAM was extended to stereo images in Ref. 33
where the authors used both baseline and multiview stereo in order
to estimate the depth, and also proposed an affine lightning correc-
tion in order to make the direct approach more robust to illumination
changes. More recently, the stereo LSD-SLAM has also been extended
to tightly integrate IMU into direct image alignment with a nonlin-
ear energy minimization framework, thus alleviating one of the direct
method challenges—high nonconvexity of the photometric error. All
the LSD-SLAM variants in the end yield a semidense map of the envi-
ronment. An approach combining direct tracking and image features,
dubbed semidirect, was presented in Refs. 34 and 35 for monocular
and multiple camera setups. It was later extended in Ref. 7 to include
IMU information by preintegrating inertial measurements between
selected keyframes into a single relative motion constraint and at the
same time properly addressing the manifold structure of the SO(3)
and SE(3) groups. As discussed in Ref. 25, the advantages of direct
methods are that they do not need features, thus they avoid per-
taining artifacts. They are more robust to blur, low-texture areas and
high-frequency texture areas; however, the disadvantages are that
the photometric error is highly nonconvex and limits the baseline of
matches (typically narrower than those of feature-based methods),
and they can be sensitive to illumination changes and moving objects
in the scene (which was noted in Ref. 33 for the case of the KITTI
dataset). There also exist sparse feature-based methods coupling the
IMU data with visual pose estimation. In Ref. 42, a stereo visual odom-
etry was presented that relies on new features for tracking called the
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center surround extrema (CenSurE) features showing better match-
ing score than the FAST, SIFT, and Harris corner features, while being
computationally comparable to the FAST and Harris detectors. The
authors have also coupled the IMU data with the visual odometry
through an EKF, where the IMU was used as both an inclinometer
(absolute roll and pitch) and an angular rate sensor (for incremental
yaw). This is a loosely coupled approach that does not take correlations
into account between the IMU data and visual odometry data; how-
ever, it was demonstrated that the long-term visual odometry accu-
racy can be dramatically improved by loosely fusing data from the IMU.
Another visual-inertial approach was presented in Ref. 28 for monoc-
ular and stereo images. This is a keyframe-based method relying on a
probabilistic cost function that combines reprojection error and tightly
coupled IMU information.

3 | SOFT-SLAM: SYSTEM OVERVIEW

The guideline we follow in our system design is to ensure computation-
ally efficient autonomous navigation of UAVs. Hence we have to ensure
real-time execution and high reliability of the SLAM algorithm so the
control system ensuring the autonomy of the vehicle could rely on the
online SLAM execution. Besides achieving high accuracy of the system,
it is important that the algorithm spends a nearly constant period of
time for execution of each iteration. For these purposes, we organize
our algorithm in two main threads: the odometry thread and the map-
ping thread. A rough structure of the SOFT-SLAM algorithm is given
in Figure 1. The odometry thread is important from the perspective of
the local controllability, whereas the mapping thread is important from
the viewpoint of the overall operation execution. The two threads are
finally connected through a filter that uses the output of the mapping
thread and fuses it with the odometry information.

The odometry thread can be seen as a sequence of several con-
stituent blocks. First, after a new stereo-pair acquisition, high-quality
features are detected. The detection part is based on corner and
blob masks on the gradient image followed by nonmaximum suppres-
sion. Thereafter, the IMU is used to predict the relative displacement
of the UAV in order to define a search radius for feature matching.
Features are then matched in circular order, using the sum of abso-
lute differences (SAD) of the patches in the image gradient, weighted
with the distance to the predicted coordinates as proposed in Ref. 45.

Feature

New image
acquisition

F Rt T . b
Pose estimation [ ‘ ] o EXponéntlal Lm
management filtering '

Keyframe

s i
) g Graph m N Map A
queue management optimization g building !

FIGURE 1 Structure of the SOFT-SLAM algorithm organized in two threads. After left (Z}) and right (ZR) image acquisition, the odometry thread
operates so that a set of carefully selected features F is extracted, and an estimation procedure is performed to obtain the relative transformation
[R|t], which is then integrated to obtain the odometry-to-base transformation Tg. The mapping thread operates so that the keyframe management
procedure takes a frame with accompanied features F available in the queue. After applying keyframe management logic, the designed graph ¢ is
optimized, resulting with the map-to-odometry transformation T¢,. Finally, Tg and Tp, are combined via exponential filtering yielding the map-to-

base transformation T,’q’1
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The output of this step is a sparse feature set that can be fur-
ther used within a RANSAC optimization procedure. A significance of
the RANSAC approach is that our system consists of two different
RANSAC optimization algorithms depending on the setup of the sys-
tem. If an IMU is available, we then proceed by directly employing its
gyroscopic measurements, and only execute the one-point RANSAC
optimization. Otherwise, if an IMU is not available, the common prac-
tice is to use a three-point algorithm.® However, for certain setups,
e.g., KITTI, we found out that computing the rotation from a single
camera can improve localization precision at the expense of increased
runtime.? Therefore, for KITTI we use the five-point Nister algorithm?*
(five-point RANSAC) on the left stereo image for generating hypothe-
ses and determining the best suited set of inliers. The result of the
RANSAC is a set of inliers that are used in a Gauss-Newton optimiza-
tion in order to yield the final relative orientation and translation. This
procedure avoids optimizing both at the same time, thus yielding faster
and more robust performance. By integrating the obtained relative
transformations, we have a result of the cumulative odometry repre-
senting an odometry-to-base transform Tob. More detailed explanation
of the odometry thread is given in Section 4.

The mapping thread takes the output of the feature management
block from the odometry thread and puts it into the frame queue for
further use within the keyframe management step. This step checks
whether a current keyframe is to be taken into consideration or is
rather to be discarded, depending on the distances from the last stored
keyframe. If it is taken into account, the algorithm checks for the pos-
sibility of loop closure. After the loop-closing detection, we run g2o
on the sparse set of poses (features are not included), which yields an
updated pose graph, thus correcting for the odometry drift. The pro-
posed SLAM framework enables a complete separation of the odom-
etry part and mapping part, thus enabling the odometry to run in
constant time without having to wait for the mapping thread. The
whole method still leaves enough resources so that a dense map of the
environment can be constructed using a stereo method for comput-
ing depth maps, where we particularly employ the semiglobal match-
ing algorithm,*¢ and we insert the result into the global octomap.*”
We consider this to be of great importance for high-speed UAV
navigation—especially inindoor and cluttered environments. Note that
the octomaps do not participate in the pose estimation process, but
were necessary for collision avoidance in the EuUROC competition.

The output of the mapping thread is a correction that can be seen
as a map-to-odometry transform, denoted by 7,°. A more detailed expla-
nation of the mapping thread is given in Section 5. The two threads are
finally merged through an exponential filter and the result can be seen
as representing a map-to-base transform Tn*q’, which is sent to the posi-

tion controller.

4 | ODOMETRY THREAD

In this section, we provide a description of each step in the odom-
etry thread. We are motivated by (i) the application related to an
autonomous UAV operation, where an IMU is part of the system setup,
and (ii) the significance of vision-based SLAM without inertial infor-

mation. For this reason, we present two versions of the odometry

algorithm: one using information from an IMU and one relying purely
on vision. In the ensuing paragraphs, we explicitly emphasize the dif-

ferences between the two algorithms wherever appropriate.

4.1 | Feature management

The odometry thread starts with a feature management step consist-
ing of three parts: feature extraction and matching, tracking, and selec-
tion. As an input of this step, we use a stereo image and an IMU mea-
surement if available.

Feature management starts with extraction and matching of corner-
like features in both left and right images of the stereo pair. For this
purpose, in the vein of Ref. 45 we utilize blob and corner masks on the
gradient image, and apply the nonmaximum suppression, thus obtain-
ing a set of available features. The features are then used in the match-
ing process, where the correspondences are determined through cal-
culating the sum of absolute differences over a pattern of pixels around
the detected maxima. The matching patch M is illustrated in Figure 2.
Since the SAD method is susceptible to outliers, we additionally fil-
ter the feature set by applying circular matching. By circular matching
we mean that the features will be taken into account only if they are
matched between both left and right images of two consecutive frames
corresponding to steps k — 1 and k, i.e., images denoted as Z,'(-_l, If_l,
Zk, and IkR. The circular algorithm takes a feature from one frame and
finds the best match in another frame, sequentially following the order
Lol i
diction from step k — 1 to step k; otherwise, we use the constant veloc-

—I} >1; -1, ,.Ifan IMU s available, we apply the pre-

ity model assumption and apply the last available relative transforma-
tion. Finally, if the feature is successfully matched through the entire
sequence, i.e., the last matched feature is the same as the beginning
one, the circle is closed and the feature is considered as being stable
and therefore kept as a high-quality point for further analysis. Other-
wise, the circle is not closed and the feature is rejected. Additionally, if
the circle is successfully closed, we calculate the normalized cross cor-
relation (NCC) on a rectangular patch around each feature position,
which is applied as an additional check together with the SAD-based
circular matching. Since NCC is significantly slower than SAD, we apply
it only for gating purposes to reject a certain amount of surviving fea-
tures with a low NCC score after the SAD-based circular matching has
been performed.

The resulting set of features can now be tracked through time
and we associate several properties with each of them, including
(i) unique identifier, (ii) age, (iii) current position in image space, (iv) fea-
ture strength, (v) class, and (vi) initial descriptor. The tracking algorithm

for each feature consists of the following:

e theinitial step—where a unique identifier and a descriptor are joined

to the pertaining feature, and the age of the feature is set to O

o the tracking—where in each iteration the position of the feature in
the current frame is refined on a subpixel level with respect to the
feature position in the initial frame, using the refinement patch R

illustrated in Figure 2.

By using the initial value of the descriptor during the entire fea-

ture lifetime, the drift is reduced, since allowed dissimilarity between
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FIGURE 2 The upper illustration consists of two sequences. The first sequence represents an example of the real-world (3D) propagation of
positions of two features (blue and orange) over time. The second sequence represents its propagation in the image space, where solid connections
appear when matching features, while dashed connections appear during the refinement procedure. Note that the refinement is always applied
with respect to the initial feature appearance, while matching relates two consecutive steps. In the upper right corner, the patches used for match-
ing (M) and refinement (R) are presented. Therein, the level of gray intensity represents larger weighting for a given pixel. An example of the real
image sequence filled with their feature appearances is given in the bottom sequence, where id, age, and subpixel positions are associated with

each feature

initial and current appearance is kept constrained. However, an inten-
sive change in perspective relative to the first appearance of the fea-
ture can result in the death of the particular feature track. Another
option would be to warp the initial feature according to an a priori pose
estimate. However, besides slightly increasing the computational com-
plexity, warp would also require a computation of a patch normal. Since
this computation could be an overhead for real-time application, acom-
mon practice is to assume that the patch normal is pointing at the cam-
era. While this assumption could prolong the feature life, it would also
inevitably introduce an error that would grow with feature age. Gener-
ally, features that are tracked for a longer period of time are considered
to be more reliable, but possibly biased due to the changed perspec-
tive during their lifetime; therefore, one should try to maintain equal
distribution of both young and veteran features. It is possible to pro-
long the feature lifetime by updating the descriptor through time, but
on the other hand, the feature could quickly lose coincidence with the
initial real-world point and the procedure would be more prone to drift.
Additionally, some features with strong image appearances can appear
even lacking the correspondence in the real world, e.g., intersection of
a line in the foreground with a line in the background.38 Given that,
we decided to still keep the initial value of the descriptor throughout
the whole lifetime, thus risking earlier feature track death, but having a
more reliable feature set. Furthermore, we propagate the refined posi-
tion on a subpixel level while establishing matches between current
and previous occurrences in the vein of a Markov process, i.e., assuming

that information about displacement relative to the first occurrence is

preserved in the refined feature position. In particular, in our imple-
mentation we use the parabolic fitting approach.#> The tracking pro-
cedure isillustrated in Figure 2 together with an exemplary feature set
from a real image sequence.

Rather than estimating ego-motion using a large set of features,
in further processing we keep a smaller but carefully selected set of
features. We propose a selection policy that provides both a spatial
and temporal variety of strong features across the image. We particu-
larly choose features such that the number of far and near features
is well balanced, and that the features are uniformly distributed over
the entire image.*8 This is achieved by performing bucketing where an
image is divided into rectangles/buckets. In each bucket, only a lim-
ited number of features is retained, while all others are discarded.
Our experiments showed that such a distribution of features improves
localization accuracy. The procedure is given as follows:

e The image is convolved with a 5 x 5 corner patch and a 5 x 5 blob
patch, where the maxima and minima of these two convolved images
represent image coordinates of four classes of features: corner max,
corner min, blob max, and blob min. The feature descriptor is then
constructed from values of the surrounding pixels in the image gra-
dient, both horizontal and vertical.

e The image is divided into 50 x 50 pixels, areas called buckets, and
within each bucket features are separated into four classes, namely

corner max/min and blob max/min.
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FIGURE 3 Pipeline of the pure vision based SOFT visual odometry algorithm. After left (Z1) and right (ZR) image acquisition, a set of carefully
selected features F is extracted. Next, the estimation procedure involving several steps is executed. This results with relative transformation [R|t],

which is then integrated to obtain the odometry-to-base transformation Tg

e Within each class, the features are sorted using the following
comparison function:

select(fy, fy)

stronger (f1, f,) if age(f,) = age(f,) | age(fy) > ay, | age(f,) > ay,

older(fy, fp) ifage (f) # age(f) & age(fy) <ay, &age(f,) < ay,

(1)

where f; and f, are compared features, and ay, is an age threshold, while the
strength is obtained as a result of the filtering of input image with blob and

corner masks.

Respecting the selection criteria, the first feature from each class is
put into the final list and the step is repeated until the desired num-

ber of features is selected.

By this, we prefer old features only up to age a;,. Once a feature gets
older, the policy starts preferring a stronger one and the feature con-
tinues living only if it is strong enough, and is not privileged because
of its age anymore. This way we allow new strong features to enter
the selection, preventing the veterans from dominating the odometry.
Spatial variety policy is achieved first by bucketing and second by favor-
ing diverse classes of features in the final feature set, while temporal
variety policy is realized with a sorting selection function that maintains
balance between young and old features. By following the logic of this
careful selection, we ensure that the odometry is based on a hetero-
geneous set of features, which turned out to be an important tool for

ego-motion estimation accuracy.

4.2 | Pose estimation without inertial information

The odometry estimation pipeline without an IMU is given in Figure 3.

Since we rely on the monocular five-point method,* the approach is
not affected by imperfect calibration between the left and right cam-
era. The entire ego-motion estimation is performed in two steps: first,
the rotation is estimated using the five-point method, and second, the
resulting rotation is used for estimating translation via minimization of
reprojection errors in the image plane. For computing the relative rota-
tion between time steps k — 1 and k, we use only the left camera of the
stereo pair. The epipolar constraint between two views of a calibrated

camera can be expressed as
q"Eq=0, (2)

where the matrix E = [t],R € R3S is the essential matrix, [t], is the
corresponding skew-symmetric matrix, while g < g’ are normalized

corresponding image coordinates between the two views. Since the

scale in monocular vision is unobservable, eight unknown parameters
have to be determined. The solution to this problem is approached
first by picking five correspondences and constructing the pertaining
five equations, and then using the following properties of the essential
matrix:

det(E) =0, (3)

2EETE — tr(EENH)E = 0. (4)

The solution to such a defined system lays in one of the roots of the
tenth degree polynomial.# The five-point method is herein used in con-
junction with the RANSAC algorithm as follows. An essential matrix is
calculated for a number of five-point subsets chosen from the full set of
points, hence forming corresponding hypotheses. Each of the obtained
essential matrices is tested so that the number of inliers among all the
points is determined, and the hypothesis with the largest number of
inliers is chosen as the final solution, which we denote as Rtr_i.

In our experiments, we also tested an approach with an additional
refinement where the best previously obtained five-point solution is
updated with a larger set of inliers for the hypothesis at hand via
an optimization. However, it turned out that the average odometry
error increased. Depending on the configuration of inliers, this method
may converge to a local minima, resulting with rotation shifted from
the original five-point solution.* Additionally, the original five-point
method has (i) a closed-form solution and does not depend on the initial
guess, and (ii) uses a minimal set of points, hence the probability that an
outlier affects the final solution is minimized.

For smoothing purposes, we propose to repeat the five-point
RANSAC optimization between the last and several previous frames.
In particular, we repeat the algorithm at most three times depending
on the amount of surviving features between steps k and k — I, where
| € {1,2,3}. Given that, the last relative rotation between k — 1 and k

can be expressed in different ways as follows:

K _ pkr

Ri_1 = Ry (5)
K _ k-1 -1 K"

R = (RZ3) R, (6)
K" (pk=2pk=1\"1pk"

Ri_1 = (RT3R;) Res (7)

where the superscript r denotes application of the five-point RANSAC,
and R’;j”, | € {2, 3} denote the previous relative odometry transfor-
mations. Finally, the estimated transformations Rtil, Rizl, and th/l are
fused using the spherical linear interpolation (SLERP) approach.*? It is
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FIGURE 4 Pipeline of the IMU aided SOFT visual odometry algorithm. After left (Z1) and right (ZR) image acquisition, a set of carefully selected
features F is extracted. Next, based on the measured (w,,) and estimated (w,,) gyroscope bias, outlier rejection is applied, obtaining the feature set
F,. Finally, one-point RANSAC and full optimization are then used for determining translation t and orientation R, respectively. The transformation
[R| t]is then integrated to obtain the odometry-to-base transformation Tg

applied iteratively as follows:

iteration 1: Rt—1 = R',i’_i, (8)
1

iteration 2: Rf_, = Rt_l((Rt_l)_lRﬁi) Z 9)
1

iteration 3: Rf_, = Rt—1((Rt—1)_1RE2’1) °. (10)

It is not necessary that all the iterations are executed. For example, if
too few features appearing in step k — I, I € {1, 2,3}, are still alive in
step k, only | — 1iterations will be executed. Here we slightly abuse the
notation, since we do not actually use the rotation matrices, rather we
use a quaternion representation of rotations, since SLERP operates in
quaternion space. This rotation is used as an input for the translation
estimation part, where we employ the one-point stereo method.

The one-point stereo method relies on reconstruction of 3D point
clouds from the previous and current frames. In Ref. 4 it was shown
that the motion estimation obtained by minimizing image reprojection
error is more accurate than the one obtained by minimizing Euclidean
error in 3D space. This is due to the fact that feature position uncer-
tainties are not taken into account during minimization. Furthermore,
in Euclidean space error covariances are highly anisotropic, while in
the image space errors are more uniformly distributed between dimen-
sions. Therefore, the 3D point cloud is triangulated from the previous
view and then reprojected onto the image plane of the current view via
the following formulae:

X
u f Oc, y
v|=zX;Rt)=|0f ¢, [[RIt] 21 (12)
1 000

1

where [uv 1]" are homogeneous image coordinates, = is the projec-
tion function, f is the focal length, [c, c,] is the image principal point,
[R| t] are rotation and translation between two views, and [XY Z 1]T
are homogeneous coordinates of the 3D world point. The translation is
then iteratively calculated by minimizing the following cost function:

argtmin <fo — 7GR, t)”2 + (12)

X\ — " (X;R, t)”2>‘

for the ith point of the previously obtained feature set. This optimiza-

tion is performed fast enough so that it can be executed for each point

of the feature set. Therefore, each point can be considered as a hypoth-
esis that is then tested on the full feature set. The one with the largest
set of inliers is chosen for the outlier rejection approach, by which we
obtain the final feature set serving as an input for the full optimiza-
tion. For this purpose, we apply the full Gauss-Newton optimization

approach. The cost function is given as

argtmin z”: w; <fo — 2GR, t)“2 + (13)
i1

X — xR, t)”2>,

where w; is the weight of the ith point. The weighting function is based
on the one presented in Ref. 45 with an additionally proposed age-

based factor

|U,-—Cu|
lcyl

-1
+ p|ens> and

(14)

Wi = WiensWages where Wiens = <

Wage = 1+ log(age; + 1),
where parameter p;.,s depends on the stereo camera and lens setup.
By applying this weighting function, we give more significance to fea-
tures located closer to the image center in the horizontal direction
while reducing the impact of features located further to the image hor-
izontal margins. In this way, we finish the estimation of the relative
motion between the two steps that consists of the rotation part result-
ing from five-point algorithm. This motion is finally integrated to have

the full odometry to base transformation.

4.3 | IMU-aided pose estimation

If an IMU is part of the system setup, we can directly employ its mea-
surements and avoid the need for the five-point RANSAC approach,
thus reducing computational complexity. The pipeline of the underly-
ing algorithm is given in Figure 4.

We employ IMU measurements only for rotation, and again, simi-
larly to the approach without an IMU, we use the one-point optimiza-
tion approach for estimating the translation.

Furthermore, we also use the Kalman filter for estimating the gyro-
scope bias. The prediction step of the Kalman filter is performed once
anew IMU reading is obtained, while the update step is executed each
time a new image is captured. As a measurement within the filter, we
use the final output of the visual odometry. The described Kalman fil-

ter for bias estimation has been previously presented in Ref. 9.
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FIGURE 5 Examples of the resulting octomaps built during the execution of the SOFT-SLAM algorithm on the EuRoC dataset. The maps are built
in real-time during the SOFT-SLAM execution on MH_01 (left) and V1_01 (right). The octomaps are not part of the pose estimation process, but

were necessary for collision avoidance in the EuROC competition

The IMU measurement together with the estimated gyroscope bias
is used for outlier rejection, which could be caused by dynamic objects,
and for narrowing the feature matching search space, thus resulting
in a reduction of the execution time. Afterwards, we perform the one-
point method in order to compute the translation vector as presented
in Sec. 4.2. Each of the obtained [R | t] hypotheses is tested so that the
number of inliers among all the points is determined, and again, the
hypothesis with the largest number of inliers is chosen for the final out-
lier rejection, thus yielding the final feature set serving as the input to
the full optimization. For full optimization, we apply the Gauss-Newton
optimization in order to determine both the rotation and translation,
which is in contrast to the optimization without an IMU, where we only
aimed at computing the translation vector, as shown by Eq. (13).

4.4 | Exponential filtering

Having the odometry Tob estimated, and using the last available odom-
etry drift estimation Tn?’ which is presented in detail in Sec. 5, we are
ready for updating the map-to-base transform Tnﬁ’. However, for the
case of a real-world operating UAV, as in the EuRoC Challenge exam-
ples, the update should not occur instantaneously, because the sud-
den shift in the pose could negatively affect the stability of the plat-
form. Therefore, the estimated pose of the UAV, now represented by
a quaternion and translation vector pair, is updated via an exponential
filter as follows:

1
b b b “lpbz\«
Rk = Rm,k—l((Rm,k—l) Rm,zk) (15)
b,
tfn,k = tz,k—1 +a(ty - trﬁ),k—l)’ (16)

where the [Rﬁlk | tz nl pair represents the current pose of the UAV in
v4

the world map at time k — 1, [Rm bz

|
Lk ' T mk
after correcting for the drift, and a« = 0.05. Note that we abuse the

] is the new “measured” pose

notation here since we do not actually update rotation matrices but
quaternions using SLERP as in Section 4.2. With the current setting of
a = 0.05, the described procedure amounts to low-pass filtering, but
as stated earlier this is only relevant for real-world UAV operation—in
the case of offline SLAM testing, e.g., on the KITTI dataset, this does not
affect the final result.

5 | MAPPING THREAD

The mapping thread operates independently of the odometry thread,
but it uses queued outputs of the feature management procedure. The
main reason the mapping thread can operate independently is that
its output serves for drift evaluation, while the drift is assumed to
progress in the vein of a Wiener process. Therefore, once a new out-
put of the mapping thread is available, i.e., a new map-to-odometry cor-
rection T? is estimated, it can be used no matter how old the queued
frame is. The mapping thread is organized in several steps as depicted
in Figure 2. It starts by taking a frame from the queue, continues with
keyframe management accounting for a loop closing possibility, and
accordingly prepares the poses for graph optimization. A few examples

of the environment maps built by SOFT-SLAM are given in Figure 5.

5.1 | Keyframes management

Keyframe management relies on the feature set resulting from the
extraction step described in Sec. 4.1, obtained after applying the non-
maximum suppression procedure. We denote this input feature set as
a frame. The pipeline for keyframe management procedure is given in
Figure 6.

Each frame is considered as a potential keyframe by checking
whether the distance between the previous keyframe and the current
frame exceeds a predefined threshold in either translation (dy;,) or rota-
tion (6y,). If the distance is below the given threshold, we discard the
current frame and take the next one from the frame queue. If the dis-
tance exceeds the predefined threshold, we check for the possibility of
loop closing (which is described in detail in Sec. 5.2). If loop closing is
not detected, we insert the current frame as a new keyframe and asso-
ciate the current pose and covariance to it. The covariance is initialized
such that the translation and rotation parts are proportional to the dis-
tance between the previous and the new keyframe with proportional-
ity factors p4 and py. In other words, we follow the odometry logic: the
higher the displacement is, the higher is the uncertainty. On the other
hand, if the loop closing is detected, we check for the distance of the
new keyframe to the closest keyframe in the map of keyframes using
the information from the odometry. If this distance exceeds any of the

two thresholds, dy, or 6,,, we insert this keyframe into the full map of
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FIGURE 6 The pipeline of the keyframe management procedure. The threshold parameters in translation (dy,) and rotation (6,) components
condition the logic of the keyframe management. Finally, after obtaining final graph ¢, the graph optimization is used for determining the map-to-

odometry transformation T?,
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FIGURE 7 Visualization of keyframes and links resulting from the SOFT-SLAM execution for the trajectory MH-04 of the EuRoC dataset
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FIGURE 8 Visualization of evolution of keyframe map through several steps, appearing during the SOFT-SLAM execution for the trajectory V1-
02 of the EuRoC dataset. At steps k + 1 and k + 2 temporary keyframes were inserted, while after several steps at k + n, all temporary keyframes

were removed and only regular keyframes remained

keyframes. Otherwise, we flag it as a temporary keyframe that will be
removed from the full map of keyframes once the graph optimization
is finished. Before continuing to the graph optimization, we have to
initialize new edges, formed between the new keyframe and any such
keyframes with which loop closing was detected. As in the vein of the

previous covariance initialization, we use the proportionality factors

py and py, multiplying the distance between the estimated odometry
information and those joined to the keyframes detected for loop clos-
ing. An example of visualization of the map of keyframes and estab-
lished links for a trajectory from the EuRoC dataset is given in Figures 7
and 8. As the reader will notice, in this paragraph we introduced the
concept of temporary keyframes. Atemporary keyframe is a frame that
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is temporarily necessary for loop closing and graph optimization, but it
becomes an overhead in the long-term because the graph already con-
tains a nearby keyframe carrying very similar information. After every
graph optimization, all temporary keyframes are removed, thus ensur-
ing a constrained number of keyframes in constrained space.

5.2 | Loop closing

The loop closing procedure starts with determining candidate
keyframes that will be considered for loop closing. For this purpose,
we employ the radius and angle search based on the pose of the
new keyframe. In particular, only keyframes that are placed within
the predefined radius and angle will be considered as candidates
for loop closing, hence reducing the complexity of this step. Once
we have the set of candidates, we evaluate each of them so that we
can compare the histograms of each keyframe with that of the new
keyframe. The histograms consist of four classes, i.e., corner max/min
and blob max/min, while for the distance/similarity measure between
two histograms we use SAD. After having determined the similarity
information, we keep n closest keyframes as candidates for loop
closing while discarding the others. We now evaluate each candidate

using the following procedure:

Determine correspondences between the candidate keyframe and

the new keyframe using circular matching and NCC.

Perform three-point RANSAC® for determining the best suitable

hypothesis transformation and accordingly apply the outlier rejec-
tion.

If the remaining number of inliers is larger than the threshold, we
apply the full refinement optimization by which we obtain the final

linking transformation.

Additionally, we check if the final linking distance is too large, and

eventually stop with the loop closing.

Having keyframes arranged in a pose graph, we use the Levenberg-
Marquard algorithm implemented in g2012 for the optimization. To
prepare the map of keyframes for graph optimization, besides poses
for the initialization and pose constraints as edges of the graph, g2o
alsorequires edge covariance matrices, i.e., the uncertainties of the rel-
ative pose constraints. For this purpose, here we again use a straight-
forward heuristic—the relative rotation and translation uncertainty is
proportional to the magnitude of the relative motion, with proportion-
ality factors p, and p,, respectively.

6 | EXPERIMENTAL RESULTS AND
DISCUSSION

For experimental results we evaluate SOFT-SLAM on two public
datasets, namely the EuRoC dataset3¢ and the KITTI dataset.4> For
the EuRoC dataset, since IMU measurements are readily available, we
use the odometry thread procedure described in Section 4.3. Since
an IMU is not available for the KITTI dataset, in the odometry thread

Vl-sensor

FIGURE 9 AscTec Neo*® multirotor unmanned aerial vehicle
equipped with the VI-sensor#4

we use the pose estimation based on the procedure described in Sec-
tion 4.2. We evaluate the proposed method using two different met-
rics: (i) the relative metric proposed in Ref. 37 that computes average
relative translation and rotation errors over a sliding window of differ-
ent lengths, and (ii) the absolute metric proposed in Ref. 51 that aligns
the trajectories prior to computing absolute translation root-mean-
square error (RMSE). The former metric is more odometry-oriented,
while the latter is more SLAM-oriented. Furthermore, we also present

localization results from the EuRoC Challenge 3, Stage II.

6.1 | EuRoC dataset

The EuRoC dataset contains 11 sequences recorded with the AscTec
Neo small-scale hexacopter UAV,*3 shown in Figure 9, which is
equipped with a visual-inertial (V1) sensor unit.**

The VI sensor unit was mounted in a front-down-looking position
providing WVGA stereo grayscale images with a baseline of 11 cm at
a rate of 20 Hz and inertial data at a rate of 200 Hz. The dataset pro-
vides two types of sequences: the first batch was recorded in a large
machine hall, while the second batch was recorded in a room equipped
with a motion capture system. Depending on the texture, brightness,
and UAV dynamics, the sequences are classified as easy, medium, and
difficult. In the case of the EuRoC dataset, the UAV revisits the envi-
ronment, hence loop closing occurs quite often, which is especially sig-
nificant from the perspective of SLAM evaluation.

We compare our SOFT-SLAM on the EuRoC sequences with ORB-
SLAM2 and LSD-SLAM. SOFT-SLAM is extensively compared with
ORB-SLAM2 on a laptop with an Intel Core i7 processor, at 2.4 GHz,
since the authors of ORB-SLAM2 made the source code publicly avail-
able. On the other hand, since the code for stereo LSD-SLAM is not
available, we only refer to its results for three sequences of the dataset
as given in Ref. 33. Table 1 presents (i) results for the absolute metric
and (ii) runtimes for each algorithm on each track of the EuRoC dataset.

Itisimportant to note that the authors of ORB-SLAM2 claim slightly
better results than those presented in Table 1 [e.g, t,,(V1.01) =
3.5 cm, t,,s(MH_01) = 3.5 cm?2¢]. However, the original paper reports
only median results. Due to the nondeterministic nature of the multi-
threading system of the ORB-SLAM2 algorithm, which produces dif-
ferent results in each run, we ran it five times on each trajectory of
the dataset and present minimum t,, ,, and maximum t,,c s errors
respecting the absolute metric. Note that this does not apply to SOFT-
SLAM, which achieves deterministic results, i.e., each run on the same

dataset always yields the same result. Furthermore, even though the
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TABLE 1 Results of SOFT-SLAM compared with ORB-SLAM2 and LSD-SLAM on the EuRoC dataset using the absolute metric (as used in
EuRoC). Results marked with an asterisk indicate that modified calibration parameters were used as opposed to publicly available parameters.
Subscripts abs, 1, m, and M denote absolute position error, mean, minimum, and maximum values, respectively. ORB-SLAM2 has two absolute
position error values (minimum and maximum) due its nondeterministic nature of results

SOFT-VO SOFT-SLAM

taps tabs T, T Ty
Metric (cm) (cm) (ms) (ms) (ms)
V1,01 8.9 4.2 28 17 40
V1.02 9.7 34 26 19 36
V1.03 10.1 57 24 15 34
V2 01 13.6 7.2+ 26 16 35
V2_02 27.6 6.9+ 25 16 39
V2_03 72.4 17.3* 24 16 35
MH_01 10.0 28 29 20 41
MH_02 5.6 4.2 29 18 42
MH_03 17.0 3.8 27 19 38
MH_04 28.1 9.6 27 15 43
MH_05 20.3 5.8 29 17 42

——— Ground truth
—— SOFT
—— SOFT-SLAM

ORB-SLAM2 LSD-SLAM
tabs,m tabs M T, T Ty tabs
(cm) (cm) (ms) (ms) (ms) (cm)
8.7 8.8 56 35 106 6.6
6.4 6.6 54 26 121 7.4
7.2 9.4 54 27 124 8.9
6.1 7.6 53 31 116 -
5.6 7.3 63 22 163 -
4.0 43 70 36 390 -
43 5.0 65 36 312 -
35 40 66 34 249 -
7.1 138 56 29 117 -
5.3 15.3 59 27 298 -

FIGURE 10 Theresults of SOFT-SLAM algorithm for sequence V1_02 of the EuRoC dataset. Circles denote starting points, while squares repre-

sent ending points of the trajectories

median result might have the greatest probability of occurrence, due
to the general nature of the UAV applications, we employ the abso-
lute error and runtime comparisons based on the worst-case runs.
Alongside the maximal runtime, we also provide information of the
mean T, and minimal T, runtime for each trajectory. We set the result
in boldface with the minimal absolute error and the worst-case run-
time respecting each of the 11 testing scenarios. In Fig. 11 we also
show SOFT-SLAM and ORB-SLAM2 runtimes for two different EuRoC
sequences, where we can notice a lower runtime of SOFT-SLAM and
that on occasion ORB-SLAM2 can exhibit runtime spikes. Alongside
the execution runtimes, we further illustrate the approach to keyframe

management and loop closing by providing the number of keyframes,
links, and loop closings for all the EuRoC sequences in Table 2.

We have additionally noted that the publicly available calibration
parameters given for the V2 set of the tracks are wrong. A clear indica-
tor of this was that the epipolar lines in these tracks were not aligned.
Therefore, we had to apply an additional rotation of 0.24 deg between
cameras to the original calibration files to align epipolar lines and
achieve the results presented in Table 1. On the other hand, ORB-
SLAM2 proves to be robust to these calibration-related issues. Fur-
thermore, ORB-SLAM2 had problems with processing the V2_03 due
to severe motion blur.26 The SOFT-SLAM was able to process the



» | WILEY

CVISICET AL.

EuRoC MH.01

400 I | | |
s ORB-SLAM?2
e SOFT-SLAM
300
w
A
& 200
£
=1
b=}
-

100

L | L 1 L !
1,000 1,500 2,000 2,500 3,000 3,500
step [k]

|
0 500

EuRoC V1.01

T T T T T
s ORB-SLAM2
s SOFT-SLAM

runtime [ms]

| | |
1,500 2,000 2,500

step [k]

| |
0 500 1,000

FIGURE 11 Runtimes of SOFT-SLAM compared with ORB-SLAM2 on the trajectories MH_01 (left) and V1_01 (right) of the EuRoC dataset

TABLE 2 Number of keyframes, links, and loop closings for SOFT-SLAM for all the sequences of the EuRoC dataset. The number of loop closings
can be computed as the difference of the number of links and keyframes increased by 1

Seq. V101 V1.02 V1.03 V2 01 V2_02
Keyframes 132 166 158 80 188
Links 231 348 256 90 285
Loop closings 100 183 99 11 98

sequence, but it achieved relatively larger errors with respect to the
other sequences of the dataset due to missing images in V2_03, motion
blur, and lack of texture in parts of this sequence.

6.2 | Live real-world experiment—EuRoC
competition

Besides the EuRoC dataset, we also provide results achieved during
the EuRoC Challenge 3, Stage Ila-Benchmarking, Task 2 tests for Task
2: State estimation and controller accuracy. This experiment included
an on-sight autonomous UAV flight, while the results were obtained
by the EuRoC automated script and supervised by the EuUROC commis-
sion. The flight was officially recorded and the video is available as the
accompanying material to this paper. Task 2 evaluated the trajectory
following based on localization using only the VI-sensor.4* The experi-

ment was done in a labyrinth-like room as follows:

Initialization step; while airborne, the UAV gets a message from the
system about its ground truth position, which the system obtains
from the VICON motion capture, hence the UAV is allowed to align
its odometry frame of reference with the VICON.

After the initialization step, the target trajectory represented in the
VICON reference frame is sent to the UAV, and the trajectory track-

ing algorithm based on the onboard localization is started.

Besides the autonomous UAV operation, the system tracks the exe-
cuted trajectory and computes absolute position error using the
VICON system.

For evaluation purposes, the trajectory was divided into four con-
nected subtrajectories, representing four separately evaluated sub-
tasks. The complexity of the subtasks successively increased, and

teams could achieve a partial score even if they did not complete all the

V203 HM_01 MH_02 MH_03 MH_04 MH_05
181 166 161 286 202 219
224 252 275 495 315 315
44 87 115 210 114 97
TABLE 3 Performance results of the BladeHunters team in EuRoC

Challenge 3, Stage lla-Benchmarking, Task 2 of EuRoC, where SOFT-
SLAM localization was used. The BladeHunters team achieved the
highest score among the five teams participating in this stage of the
EuRoC competition. Results represent absolute translation RMSE

Team (Method)

BladeHunters
(SOFT-SLAM)

subtask 1
15.78 cm

subtask 2
15.19cm

subtask 3
17.72cm

subtask 4
13.56 cm

subtasks. Additionally, if the UAV violated the safety distance to any of
the obstacles, the ongoing task would be stopped, and no points would
be gained for the subtask. The BladeHunters team (called UNIZG-FER
in the simulation part of the challenge), relying on SOFT-SLAM, suc-
ceeded in finishing the whole trajectory without breaking the safety
distance to any of the obstacles in the room while achieving the high-
est score for Task 2 among all five participating teams. Table 3 shows
the absolute translation RMSE for each of the subtasks achieved by the
BladeHunters team.

Note that the error given in Table 3 arises both from state estima-
tion and controller accuracy. However, no additional information from
the competition is available, and therefore we cannot extract the sole
state estimation error. In addition, it is worth noting that several pro-
cesses together with SOFT-SLAM were running onboard using lim-
ited CPU resources. This includes a model predictive controller, sensor
fusion, and other important processes that altogether made this result
possible. Several snapshots of the BladeHunters Task 2 execution (top)

and the truly executed trajectory (bottom) are given in Figure 12.

6.3 | KITTldataset

To further test the effectiveness of SOFT-SLAM and demonstrate its
applicability for other types of vehicles except UAVs, we tested the
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——— Reference trajectory
——— BladeHunters trajectory

FIGURE 12 A snapshot of the experiment during the EuRoC competition with the UAV in-flight (top) and the result of the EuRoC EuRoC Chal-
lenge 3, Stage Ila-Benchmarking, Task 2 achieved by BladeHunters team based on SOFT-SLAM (bottom). The quantitative results for the executed

trajectory are given in Table 3

algorithm on the KITTI dataset, which is the most popular odometry
benchmark dataset providing a very thorough analysis of rotational
and translational error in urban, rural, and highway scenarios. It con-
tains 11 sequences recorded by a car equipped with various sensors,
including four cameras, a Velodyne laser range scanner, and an accu-
rate inertial and GPS navigation system. The four cameras set up stereo
pairs (color and grayscale) at a baseline of 0.54 m providing images at
a rate of 10 Hz with a resolution somewhat smaller than the original
1392 x 512 pixels due to rectification. Table 4 provides a snapshot of
the current ranking of different algorithms on evaluation sequences,
including the proposed SOFT visual odometry.

We compare our SOFT-SLAM on all the KITTI sequences with ORB-
SLAM2 and LSD-SLAM. Note that only sequences 00, 02, 05, 06, 07,
and 09 contain loops, hence other sequences basically evaluate just the
odometry. In particular, in the vein of Ref. 26, in Table 5 we use two dif-
ferent metrics: (i) absolute translation RMSE t,..,>* and (ii) average rel-
ative translation t,. and rotation r, errors.®”

In general, SOFT-SLAM achieves better or equal performance on
two-thirds of the error measures for all of the 11 sequences. It is also
worth noting that compared to the SOFT visual odometry, the dif-
ference in accuracy is evident on sequences containing loop closing
trajectories.

6.4 | Discussion

The core idea of the proposed approach was to develop a highly accu-
rate localization module that runs in real and constant time on a small-
scale UAV, like the AscTec Neo used in EuRoC, and still leaves enough
processing power for control and navigation algorithms. Because of
these constraints, the algorithm development required an economical
approach. All of this resulted in SOFT-SLAM: a stereo visual sparse
feature-based pose graph SLAM solution running at a frequency of
20 Hz on two threads on the AscTec Neo onboard computer (Intel
Core i7-5557U, 4M cache, 3.40 GHz, 16 GB DDR3). When com-
pared to stereo ORB-SLAM2 and LSD-SLAM on the EuRoC dataset,
SOFT-SLAM achieves smaller absolute error for the majority of tracks
(Table 1). However, it should be noted that all the algorithms have
a centimeter-range error across all tracks with precision suitable for
autonomous indoor UAV operation. Furthermore, in comparison to
ORB-SLAM2, SOFT-SLAM has significant advantages in terms of pro-
cessing speed and CPU-load, which makes it more desirable for flight
operations. More concretely, the advantages are as follows:

1. Ituses only two cores compared to 3+1 cores of ORB-SLAM2, so it
can provide more CPU power for other essential and time-critical
algorithms responsible for keeping the UAV airborne.
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FIGURE 13 Examples of the results of SOFT visual odometry and SOFT-SLAM algorithms tested on KITTI dataset. Reconstructed trajectories

are KITTIO5 (left) and KITTIOO (right)

TABLE 4 Current snapshot of the KITTI ranking table consisting of the state-of-the-art algorithms in stereo visual odometry and SLAM

Method Setting
SOFT2 [Odometry thread (Section 4)] st
GDVO st
HypERROCC st
SOFT? st
RotRocc>? st
EDVO st
svo2 st
ROCC>® st
cvaxvil-sco4 st
MonoROCC st
ORB-SLAM22¢ st
Svo st
NOTF>® st
S-PTAM?” st
S-LSD-SLAM33 st

2. Processing time is more than halved—it can easily process a 20 Hz
image stream.

3. Processing time is more constant-time and always below 50 ms
(above 20 Hz)—ORB-SLAM2 has spikes lasting up to ~ 0.3 s which
could be fatal for a UAV. SOFT-SLAM produces exactly the same
result after each run, which is very convenient for testing, and also
makes the system more reliable during the flight.

4. Map size does not affect the processing time of the main thread.

The workhorse of SOFT-SLAM is the visual odometry that was tai-
lored from the start to the stereo setup. This is in contrast to the
ORB-SLAM2 and LSD-SLAM, which were first developed for monoc-

ular setups. The odometry is based on an intricate sparse feature

Translation Rotation (deg/m) Runtime
0.81% 0.0022 0.1s/2cores
0.86% 0.0031 0.09s/1core
0.88% 0.0027 0.25s/2cores
0.88% 0.0022 0.1s/2cores
0.88% 0.0025 0.3s/2cores
0.89% 0.0030 0.1s/1core
0.94% 0.0021 0.2s/1core
0.98% 0.0028 0.3s/2cores
1.09% 0.0029 0.145s/GPU
1.11% 0.0028 1s/2cores
1.15% 0.0027 0.06s/2cores
1.16% 0.0030 0.1s/2core
1.17% 0.0035 0.45s/1core
1.19% 0.0025 0.03s/4cores
1.20% 0.0033 0.07s/1core

management procedure that balances over time feature saliency and
persistence through frames in order to yield a small set of high-quality
features. From our experience, we believe that this management pro-
cedure is the main reason for the high accuracy of the visual odometry.

Although SOFT-SLAM was developed primarily for EuRoC, which
included highly dynamical motions in 6D in smaller indoor environ-
ments, thus often revisiting parts of the environment, it also performs
well in outdoor scenarios as validated by the results on the KITTI
dataset. In Figure 14 we show profiles of ego-motion translational and
angular velocities for two sequences, one from the KITTI and one from
the EuRoC dataset, exhibited by the vehicle and UAV, respectively. The
motion is quite diverse. For example, on the KITTI dataset the vehicle

can exhibit high translational velocity, while on the EuRoC dataset UAV
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TABLE 5 Results of SOFT-SLAM compared with ORB-SLAM2 and LSD-SLAM on the KITTI dataset using both relative (as used in KITTI) and
absolute (as used in EuROC) metric, where t represents translation error while r represents rotation error

SOFT-VO SOFT-SLAM ORB-SLAM2 LSD-SLAM
trel Frel tabs trel Frel tabs trel Frel tabs trel Frel tabs
Metric (%) (%) (m) (%) (%) (m) (%) (%) (m) (%) (%) (m)
KIT.00 0.63 0.24 2.97 0.66 0.22 1.20 0.70 0.25 1.3 0.63 0.26 1.0
KIT.01 0.96 0.18 3.02 0.96 0.18 3.02 1.39 0.21 10.4 2.36 0.36 9.0
KIT.02 0.74 0.20 6.00 1.36 0.23 5.09 0.76 0.23 5.7 0.79 0.23 2.6
KIT.03 0.70 0.23 0.54 0.70 0.23 0.54 0.71 0.18 0.6 1.01 0.28 1.2
KIT.04 0.50 0.18 0.35 0.50 0.18 0.35 0.48 0.13 0.2 0.38 0.31 0.2
KIT.05 0.47 0.20 1.61 0.43 0.17 0.77 0.40 0.16 0.8 0.64 0.18 1.5
KIT.06 0.38 0.18 1.06 0.41 0.14 0.52 0.51 0.15 0.8 0.71 0.18 1.3
KIT.07 0.36 0.23 0.35 0.36 0.24 0.33 0.50 0.28 0.5 0.56 0.29 0.5
KIT.08 0.78 0.21 2.28 0.78 0.21 2.28 1.05 0.32 3.6 1.11 0.31 3.9
KIT.09 0.74 0.17 2.82 0.59 0.18 1.34 0.87 0.27 3.2 1.14 0.25 5.6
KIT.10 0.68 0.26 0.93 0.68 0.26 0.93 0.60 0.27 1.0 0.72 0.33 15
KITTIO1 v, = 22.302 [m/s] EuRoC V1.02 v, = 0.905 [m/s]
30 T T T T T T
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) A
> 20 >
k3] k3]
S 15 9
) 5]
> >
10 I I I I L
0 20 40 60 80 100 00 20 40 60 80
KITTIOL vg,, = 4.434 [rad/s] EuRoC V1.02 vg,, = 31.958 [rad/s]
—30 \ \ \ — 150 T \ T
o~ ~
of o0
o) 19)
=20} = = 1001 =
) (9]
5 @
= =
5 10} H 5 50 =
3 3
) &0
=] =]
9 I 1 Sils | I ® 9 I 1 J il
0 20 40 60 80 100 0 20 40 60 80

t [s]

t [s]

FIGURE 14 Ego-motion velocity profiles from KITTIO1 (left) and EuRoC V1_02 (right) sequences

commonly exhibits more dynamics in angular rates than translational
velocities. This can be seen in Table 5 where, in comparison to ORB-
SLAM2 and LSD-SLAM, it achieves better or equal performance on
two-thirds of the error measures. This leads us to the conclusion that
SOFT-SLAM is a highly efficient, versatile, and accurate stereo visual
SLAM solution.

The drawback of SOFT-SLAM is that it does not apply a probabilis-
tically rigorous treatment of the uncertainties in the system, which
would certainly lead to a mathematically cleaner approach to the prob-
lem and even better performance. Furthermore, we do not perform
map optimization—the output of our system is an octomap, whose
update can be computationally time-consuming, so in some sense
SOFT-SLAM can be seen as a stereo vision localization architecture
that outputs an octomap of the environment. It could also be argued
that the selected features are not invariant to rotation, thus they could
impede loop-closing performance due to weaker invariance to view-
point. From our experience on the EuRoC and KITTI datasets, and from

the EuRoC Challenge 3, the loop closing occurs frequently enough to
have state-of-the-art performance; however, the features do not pos-
sess invariance properties of ORB features and, unlike ORB-SLAM2,
we did not attempt to provide a solution to the kidnapped robot relo-

calization problem.

7 | CONCLUSION

In this paper, we have presented a stereo visual pose graph SLAM
solution for small-scale high-speed UAVs. The main motif for the work
proposed in this paper was to develop a highly accurate localization
algorithm able to run in real time and to build a dense map of the
environment in order to participate in the EuRoC Challenge 3 target-
ing airborne inspection of industrial facilities. Given that, the develop-
ment of the module necessitated an economical approach to the prob-

lem. The first part of the presented approach was SOFT, stereo visual
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odometry based on careful feature selection and tracking—it is also the
foundation of the proposed SLAM framework and currently ranks first
on the KITTI dataset. Furthermore, the odometry is completely inde-
pendent of the mapping and can run at constant time—the only infor-
mation shared between the odometry and mapping is the estimated
drift from the map origin.

The mapping part is based on a sparse set of keyframes, although
we slightly misuse the term. Keyframes are not used in estimating
depth from relative motion, thus our keyframes only serve as pose
nodes also containing the pertaining sparse features. Keyframes are
linked with relative pose constraints which are fed to the g2o opti-
mization algorithm once loop-closing is detected. We continuously
search for loop-closing using the same features as in the odometry.
As in the ORB-SLAM2 case, this makes the approach computation-
ally less intensive since features are already precomputed. A heuris-
tic procedure is used for keyframe management in order to ensure
adequate distribution of keyframes in the environment. The resulting
solution, dubbed SOFT-SLAM, achieves constant-time execution run-
ning on two threads at 20 Hz on a UAV onboard computer used in
EuRoC, thus leaving enough processing power for model-predictive
control, sensor fusion, and other critical algorithms. In the EuRoC Chal-
lenge 3, Stage lla-Benchmarking, Task 2, our UAV running SOFT-SLAM
had the highest localization score among the five participating teams.
Furthermore, in the paper we also present an exhaustive comparison
of SOFT-SLAM with ORB-SLAM2 and LSD-SLAM on the EuRoC and
KITTI datasets. The results demonstrate equal or better performance
on the majority of the datasets sequences, thus leading us to the con-
clusion that SOFT-SLAM is a highly accurate and efficient vision-based
SLAM solution.
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