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Abstract— In micro aerial vehicle (MAV) operations, the
success of a mission is highly dependent on navigation per-
formance, which has raised recent interests on navigation-
aware path planning. One of the challenges lies in that optimal
motions for successful navigation and the designated mission
are often different in unknown, unstructured environments, and
only sub-optimality may be obtained in each aspect. We aim
to organize a two-MAV team that can effectively execute the
mission and simultaneously guarantee navigation quality, which
consists of a main-agent responsible for mission and a sub-agent
for navigation of the team. Especially, this paper focuses on path
planning of the sub-agent to provide navigational assistance
to the main-agent using a monocular camera. We adopt a
graph-based receding horizon planner to find a dynamically
feasible path in order for the sub-agent to help the main-agent’s
navigation. In this process, we present a metric for evaluating
the localization performance utilizing the distribution of the
features projected to the image plane. We also design a map
management strategy and pose-estimation support mechanism
in a monocular camera setup, and validate their effectiveness
in two scenarios.

I. INTRODUCTION

Simultaneous Localization And Mapping (SLAM), which
reconstructs the map and estimates ego-motion, is an indis-
pensable component in autonomous Micro Aerial Vehicle
(MAV) operation. MAV flight with onboard sensing is es-
sential during operation in an environment where a motion
capture system or GPS is not available. While LiDAR among
onboard sensors gives accurate depth information [1], [2],
it is not yet suitable for MAVs due to payload and power
consumption. Instead, small payload requirements of MAVs
have made vision sensors popular, and these interests have
motivated extensive research on visual SLAM [3], [4], [5].

The performance of visual navigation can be deteriorated
in cases where cameras capture low-quality visual infor-
mation such as image blur or feature-less environments.
The quality of visual information depends on the robot
motion generated by planning modules. However, most of the
research on trajectory planning carries out specific missions
such as target tracing [6] and map exploration [7] under the
assumption that the navigation module gives reliable infor-
mation. The paths generated considering only the mission
objective at hand can command robots to move to places
where visual SLAM performance can be degraded, leading
to the failure of navigation module and missions. Therefore,
in the path planning with onboard navigation, the planner
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Fig. 1: Navigation-assistant path planning in an MAV
team operation. Even though main-agent (red) which aims
to accomplish a given mission encounters a visually ill-
conditioned region, navigation does not collapse with the
help of sub-agent (blue)’s localization supports.

module should consider not only the original mission but
also stable navigation. Such a line of works has been referred
to as perception-aware path planning or active SLAM.

Perception-aware planner generates path through multi-
objective optimization considering the cost associated with
the perception, which is to penalize the degeneracy of a
navigation performance or stability. Vison-based navigation
modules utilize the magnitude and direction of image-
intensity gradients and contrast in local pixel groups, so
their prevalence in image improves the quality of the percep-
tion. Therefore, in MAV operations, motion planning should
make the camera images contain such texture-rich areas.
In the related works regarding perception-aware planning,
the density of features [8] and the gradient of intensity [9]
have been frequently used as the perception cost. These
overall problems are inherently multi-objective optimization
involving both the navigation cost for perception quality
and the action cost regarding the mission, and the motions
corresponding to the respective optimum of each cost can
be conflicting. Additional sensors for navigation may be
equipped on single MAV to address this conflict, however,
due to the limit of payload, this is not always available.

In this work, we design a team navigation setup where
one robot focuses on the chief mission, and the additional
robot supports overall state-estimation with monocular cam-
era only, which needs minimal requirements among vision
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sensor setups for MAV. The additional robot helps another
team robot not to generate inefficient paths caused by the
conflicts of respective solutions in multi-objective optimiza-
tion, serving as an intelligent sensor.

The remainder of this paper is structured as follows.
We review related literature in Section II, and describe the
problem and our system architecture in Section III. Section
V proposes a motion planner that provides navigational
assistance. In Section VI, we describe the map fusion module
and a method to assist in the navigation of the team agent.
Validation and conclusions follow in Sections VII and VIII.

II. RELATED WORK AND CONTRIBUTION

Various perception-aware planning research have been
reported. [10] evaluated the covariance of a pose by using an
optimization problem, which minimizes reprojection error of
the map points made by SVO [3]. They used the information
matrix (i.e. the inverse of the pose covariance matrix) and
the D-opt criterion as a perception quality metric. RRT* was
employed in [8] with the cost function composed of the
visibility metric of viewpoints toward the target area and the
metric about the feature-rich area using Delaunay triangle
density. The work in [9] utilized photometric information
rather than features. A dense, direct VO generated the pose
covariance, and the cost was defined with the A-opt criterion.
As aforementioned, in a planning module that considers
both main mission and navigation for a single robot, a
conflict between those two objectives can degrade mission
performance.

In active SLAM, SLAM is not separate from path plan-
ning, which means that SLAM is no longer considered as
a passive module. Negative edge weights were considered
in [11] for loop closing [12], and a negative D* algorithm
was proposed to select a path while preventing negative
cycles. There also exist variants of active SLAM based on
different SLAM techniques such as EKF-SLAM [13] and
RBPF-SLAM [14].

Aside from the research on single-agent planning men-
tioned above, little research exists in multi-agent settings.
[15] designed MAV formation control for a monocular-IMU
based drone, which behaves like a flexible stereo-vision
system. The maximization of overlapped scenes enhanced
cooperative localization. [16] formulated an optimal control
problem which maximizes mutual information between the
future target state and sensor measurement, and proposed the
reduced iteration to make dynamic programming tractable.
An extension to a decentralized version was made in [17].

Most existing research on the path-planning considering
the quality of navigation have been limited to single-agent
systems. In particular, to the best of our knowledge, there
was no setup considering the deployment of a navigation-
assistive robot that allow other robots to focus on their
original missions without being concerned about mapping
and localization. In this paper, we present a two-MAV system
and propose path planning for the navigation-assistant agent
and a method to assist the other team-robot.

Fig. 2: Architecture for proposed the navigational assistance
system. The sub-agent implements not only SLAM but the
assistance module (in Section VI) which aids the main-agent.
Map fusion module (in Section VI) and the planner of both
agents are operated in Ground Control Station (GCS).

III. PROBLEM SETUP

This section describes a problem statement, with a two-
MAV team which consists of a mission-oriented MAV (called
main-agent) and an additional MAV (sub-agent) with a
monocular camera that helps the navigation of the main-
agent. Such setting is intended so that the main-agent can
concentrate on the efficient motion for the mission itself
rather than putting further efforts for the navigation solution.

A. Framework Overview

The proposed overall framework is shown in Fig. 2. It
is a centralized architecture consisting of two agents and a
Ground Control Station (GCS). Each agent estimates the ego-
motion and reconstructs a local map from the SLAM module.
The SLAM module can use any feature-based SLAM algo-
rithm, and ORB-SLAM2 [4], a popular feature-based SLAM
algorithm, is exploited in this paper. The sub-agent has an
assistance module that estimates the relative transformation
between the main-agent and sub-agent in order to assist the
navigation of the main-agent. Local maps and poses of two
agents are collected in GCS, and all communication is via
a wireless network. In the map fusion module, the collected
local maps are integrated to a frontier map using relative
transformation estimated by the sub-agent. The details on
the map fusion and the assistance modules are described in
Section VI. The frontier map represents the poses of two
agents and is used for path planning of the main- and sub-
agents. Based on this frontier map, the main-agent planner
generates the mission-oriented trajectory along which the
agent will move for the next few steps. And then, the sub-
agent planner receives a forecasted path of the main-agent to
generate sub-agent’s trajectory for navigational assistance of
the main-agent. The concept about the navigation-assistant
planning is described in Section III-B, and the details of the
planner are provided in Section V.

B. Sub-agent Planner

The path of sub-agent is determined by three reward
terms to assist the navigation of the main-agent. The first
reward term is about the perception quality Qp, which is the
performance metric on navigation (to be defined in Section
IV). The second one Qf is related with a future steps, which
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Fig. 3: Concept of the sub-agent planner. When the main-
agent (red) needs the navigational support at time ti, the
motion of the sub-agent (blue) is like (a) to assist. On the
other hand, the sub-agent shows the motion similar to (b)
when it intends to expand the frontier map and monitor the
future location of the main-agent.

promotes the expansion of a frontier map and exploration of
the places around the main-agent at future steps. The last
one is the quality for action Qa considering the dynamic
feasibility of MAV control and the reduction of motion blur.
In Section V, we explain how to generate the motion using
the presented qualities Qp, Qf , and Qa.

Fig. 3(a) describes the sub-agent’s motion when the main-
agent needs the navigational support due to its poor per-
ception quality i.e., small Qmp . The right superscript m or
s denotes the main-agent or the sub-agent. Because the
estimation of sub-agent’s pose and the relative pose between
the sub- and main-agents should be robust in order to assist in
the navigation of the main-agent, the sub-agent tracks main-
agent closely and renders the frontier map contained in its
camera field of view at the same time.

On the contrary, Fig. 3(b) depicts the sub-agent’s motion
when Qmp is large and the main-agent can robustly estimate
its pose without additional help. In this case, the sub-agent
moves to explore the place around the main-agent at future
steps, while satisfying certain Qsp (to be explained in Section
IV). It leads to the expansion of the frontier map along the
path of main-agent. Even if the frontier map already exists in
the moving direction of the main-agent, such movement by
the sub-agent is beneficial in that the map around the future
location of the main-agent can be viewed in advance.

IV. QUALITY FOR PERCEPTION

This section describes the evaluation of the quality for
perception Qp. In general, the localization performance of
feature-based SLAM is affected by the distribution of feature
points [18] as well as the number of features in the image.
Since too few features will degrade the quality of perception,
it is important to ensure that the number of feature points
does not fall below a certain number Nstable. If the number
of features exceeds Nstable, it no longer has a significant
impact on SLAM performance, and the distribution of fea-
tures becomes a dominant factor. These intuitions are used
to design Qp.

Let the features in a frontier map be denoted as WPi =
[WXi,

WYi,
WZi]

T . The left superscript C or W denotes

the frame in which the points are represented, and the right
subscript i the index of features. We can compute Cpi, i.e.
the normalized coordinates of CPi, as follows:

CPi =

CXi
CYi
CZi

 = RCW
WPi + tCW (1)

Cpi =

[
Cxi
Cyi

]
=

[
CXi
CZi
CYi
CZi

]
(2)

where RCW and tCW are the rotation and translation be-
tween the camera frame {C} and the world frame {W}, re-
spectively. Using the normalized coordinates of the features,
the covariance of the features Cov is computed as

Cov =
1

NOC
− 1

∑
i∈OC

(Cpi − Cp)(Cpi − Cp)T (3)

where OC and NOC
are the index and the number of the

projected features in the camera frame {C}, respectively.
Cp = 1

NOC

∑
i∈OC

Cpi is the mean of the location of all

projected features. Then, we design Qp using Cov and NOC
.

Qp(Cov,NOC
) = w(NOC

)
π
√

det(Cov)

Anor
(4)

where π
√

det(Cov) is the size of the covariance ellipse, and
Anor is the image area in the normalized coordinates. The
sigmoid function is used as the weight function w(NOC

):

w(NOC
) =

2

1 + e−aNOC

− 1 (5)

a =
1

Nstable
log

(
1 + wstable
1− wstable

)
(6)

where the parameter a is determined by Nstable and wstable,
the expected weight at Nstable. We set wstable = 0.95.

V. PATH PLANNING FOR ASSISTANCE OF NAVIGATION

The sub-agent planner module is motivated from the
graph-based receding horizon trajectory planner [6]. It
searches for optimal and feasible states of waypoints with
the defined metrics in 3-D, and interpolates waypoints with
the minimum jerk trajectory.

A. Coordinate System

Fig. 4 shows body frame {Bmk }, camera frame {Cmk } and
their relationships. The right subscript k and superscripts
m, s represent the index of the time step and the type of the
agent, respectively. TWBm

k
is the rigid body transformation

of the main-agent’s body frame with respect to the world
frame {W} at the kth time step. TBmCm is the extrinsic
parameter determined by the camera tilting angle θmtilt and
the translation [Xm

arm, Y
m
arm, Z

m
arm]T .

In this paper, visual markers mounted on the main-agent
are exploited to detect the main-agent and to estimate the
relative transformation. We use the prior knowledge of the
3-D positions of visual markers {Bm

PVM,i}NV M
i=1 in frame

{Bm} which are 3-D positions of static visual markers.
NVM is the number of visual markers, and the mean of the
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Fig. 4: Left: The body and camera frames of the main-agent.
Right: The spherical coordinates system

positions of visual marker B
m

PVM is used as the origin of
virtual coordinates {Vk} as shown in Fig. 4. The orientation
of {Vk} is identical to that of the world frame. We express
the relationship between {Csk} and {Vk} in a spherical
coordinate system.

We set two conditions to express TVkCs
k

with rk and
θk. First, we make the z-axis of the camera frame of the
sub-agent point at the origin of virtual coordinates. Visual
markers should be seen in the image of the sub-agent
to support the localization of the main-agent; hence, it is
essential to prevent the visual markers escaping from the
image. To this end, we keep the markers at the center of the
image so as to provide enough margin between the boundary
of the image and the projected markers. The second condition
is the near-hover state, which is valid except an extremely
agile motion. Under the aforementioned conditions, TVkCs

k

is expressed as

TVkCs
k

=

[
RVkCs

k
tVkCs

k

0 1

]
(7)

where

RVkCs
k

=

− sin θk cos θk sin θstilt − cos θk cos θstilt
cos θk sin θk sin θstilt − sin θk cos θstilt

0 − cos θstilt − sin θstilt


tVkCs

k
=

rk cos θk cos θstilt
rk sin θk cos θstilt

rk sin θstilt

 .

B. Vertex Generation

We formulate the trajectory planner in a receding hori-
zon manner based on the graph. The planner plans a se-
quence of waypoints for time duration [t, t + T ]. Let ~t =
[t0, t1, · · · , tNRH

] be an equally-spaced time vector with
interval dt, where t0 = t and tNRH

= t + T . NRH is the
number of time steps in the receding horizon. We generate
NV TX vertices in the graph corresponding to waypoint
candidates with high perception quality for each time step,
and the total number of vertices is NV TX ×NRH + 1. This
section describes the procedure for generating vertices at a
certain time step k in receding horizon.

First, Qmp can be computed using the shared trajectory
of the main-agent at the kth time step. As mentioned in
Section IV, we should extract available features from the
frontier map {WPi}

Nf

i=1, where Nf is the number of the map
points in a frontier map. There are two requirements for the
available features to be used for localization. The first one

is that the pixel coordinates of the features should be within
the boundary of the image and have a positive depth. The
second requirement is about descriptor matching. In order for
the projected points to be successful in descriptor matching,
the viewing direction and depth in the image where the points
were first detected should be similar to those in the synthetic
image only with the projected points of the frontier map at
the kth time step.

We can determine whether navigational assistance of the
main-agent is needed or not, by evaluating the perception
quality metric Qmp at each time step. As mentioned in Section
III-B, if Qmp is not large enough, we use smaller rk to
enhance relative pose estimation. In the opposite case, larger
rk will be chosen to extend the viewing area. The range of
rk is rk ∈ [rk − dr

2 , rk + dr
2 ], where

rk = (rmax − rmin − dr)Qmp + rmin +
dr

2
. (8)

Here, user-defined parameters rmax, rmin, and dr are the
maximum, minimum, and range of rk in the spherical
coordinates as defined in Fig. 4.

Second, we compute Qsp in the domain Dk to extract
feasible domain Dfk , which is a set that guarantees good
perception quality.

Dk = {(rk, θk) | rk −
dr

2
≤ rk ≤ rk +

dr

2
, 0 ≤ θk ≤ 2π}

Dfk = {(rk, θk) | Qsp(rk, θk) > δQp
, (rk, θk) ∈ Dk}

(9)

where δQp
is the minimum value of Qp guaranteeing percep-

tion quality. In order to calculate Qsp, we need a frontier map
{WPi}

Nf

i=1 and TWCs
k

which can be expressed with rk and
θk. When extracting an available feature set, not only two
aforementioned requirements considered in the main-agent
and but the occlusion caused by the main-agent should also
be considered in the sub-agent. Then, we calculate Qsp of
Nsample samples of the subset (rk, θk), which are uniformly
sampled in domain Dk, and generate the Qsp-score map in
Dk by using linear interpolation. This score map is used to
extract Dfk from Dk. The selected Dfk is shown in the Fig. 5.
Donut-shaped area of the Fig. 5 is Dk which is determined
by the perception quality of the main-agent at the kth step.

Third, we consider not only the perception quality but also
the future-step quality Qf . We define the future-step quality
Qf to promote to move around the future position of the
main-agent in advance.

Qf (θk) =
1

π
min(∆θf , 2π −∆θf ) (10)

where

∆θf = −‖θk − atan2

(
∆WYVM
∆WXVM

)
− π‖∆WXVM

∆WYVM
∆WZVM

 = (RWBm
k+1
−RWBm

k
)B

m

PVM + tBm
k B

m
k+1
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Fig. 5: Vertex generation at the kth step. Df
k is extracted

from an area where the frontier map and the main-agent can
be viewed at the same time.

Here ∆θf means the angle between the direction in which
the main-agent moves and the direction of the z-axis of sub-
agents’ camera in xy-plane of the world frame.

Finally, we define the reward functionRk(rk, θk) by using
Qsp and Qf in domain Dfk .

Rk(rk, θk) = Qsp(rk, θk) + γ1Q
m
p Qf (θk) (11)

where γ1 is the tuning parameter. Rk assigns a relatively
high weight to Qf when the main-agent’s perception quality
Qmp is high. In the opposite case, Qsp is given a high weight.
{rk,l, θk,l}NV TX

l=1 is selected by the weighted sampling, which
considers Rk as weight. The sampled vertices and reward
Rk are shown in Fig. 5. The sampled NV TX (rk,l, θk,l), as
well as the associated pose of camera frame of the sub-agent
TWCs

k
and reward Rk, are stored as vk,l. The symbol v0,0

means the state of the sub-agent at a current time t0.

C. Edge Generation

With the nodes generated from the prior process, we
connect edges among them with the following rules.

1) Feasibility check: We determine whether to connect
nodes by checking the following three conditions: velocity
and yaw rate during intervals, and path crossing. The first
two conditions are about the bound of the velocity and the
yaw rate as follows:

‖d(vk,l)− d(vk+1,m)‖ ≤ Vmax · dt
‖ψ(vk,l)− ψ(vk+1,m)‖ ≤ ωmax · dt

(12)

where k ∈ {1, · · · , NRH − 1} and l,m ∈ {1, · · ·NV TX}.
d(vk,l) denotes the position of vk,l, and Vmax is the allowable
the maximum velocity. ψ(vk,l) denotes yaw of vk,l, and
ωmax is allowable maximum yaw rate. To rule out aggressive
motions which can cause image blur, we do not connect
the edges which have large yaw and position change for a
time interval. The third condition is about path crossing. It
is crucial that during the interval, the path candidates must
guarantee of tracking the main-agent. This can be easily
investigated with segment intersection check using cross
products.

2) Edge weight: we define the weight of each edge as

Q(vk,l, vk+1,m) = R(vk+1,m) + γ2Qa,k(vk,l, vk+1,m)

where

Qa,k(vk,l, vk+1,m) = − 1

π
‖ψ(vk,l)− ψ(vk+1,m)‖

(13)

where R(vk,m) denotes the reward of the vertex and γ2 is
the tuning parameter. Qa,k is the normalized metric for the
action quality, and smaller difference of yaw between two
vertices makes it given a higher score.

D. Path Optimization

We search an optimal sequence to maximize the sum of
weights of NRH consecutive edges.

~σ∗ = argmax
~σ

Q(v0,0, v1,σ1
) +

NRH−1∑
i=1

Q(vi,σi
, vi+1,σi+1

)

(14)
where ~σ = {σi}NRH

i=1 , σi ∈ {1, · · · , NV TX}.
We used topological sorting to solve the above graph

optimization. Since the above optimization problem is neither
un-directed nor cyclic, the chosen algorithm outperforms
Dijkstra in computation time.

E. Smooth Trajectory Interpolation

In the above section, we came up with optimal waypoints
~v∗ = [v1,σ∗1 , v2,σ∗2 , · · · , vNRH ,σ∗NRH

], which are allocated
with the time vector ~t. We compute minimum jerk polyno-
mial trajectory for dynamically feasible movement [19]. By
using an N th

p order polynomial, we form quadratic program-
ming with (Np+1)×NRH optimization variables to represent
position sequence. The yaw sequence is computed so that the
sub-agent always heads to the main-agent instantaneously.
Then, the generated time-scheduled waypoints with yaw are
transmitted to the sub-agent’s controller.

VI. MAP FUSION AND NAVIGATIONAL ASSISTANCE

In this section, we describe the map fusion module and the
method to assist the navigation of the main-agent. In order
for the sub-agent to plan its path for navigational assistance,
the frontier map which is used to compute perception quality
Qp in sections IV and V-B should be constructed. The local
maps of the main- and sub-agents are integrated, and the
global scale is recovered to create a frontier map, using the
prior knowledge of the position of the visual markers on the
main-agent. During the initial phase, the initial frontier map
is constructed, and the sub-agent will assist in the navigation
of the main-agent after the initial phase.

A. Initial Phase

During the initial phase k′ ∈ {1, · · · ,Kinit}, two lo-
cal maps are integrated into the initial frontier map with
the global scale by the map fusion module. The poses
{TCs

0C
s
k′
, TCm

0 C
m
k′
}Kinit

k′=1 which are estimated by both agents’
SLAM are based on their initial poses and individual scale.
The relative poses {TCs

k′B
m
k′
}Kinit

k′=1 with the global scale at
each time step can be estimated using visual markers. The
relative transformation between the initial pose of the main-
and sub-agents TCm

0 C
s
0

and the scale ratio between the scale
of each agent and global scale can be computed by the pose
graph optimization:

x∗ = argmin
x

Kinit∑
k′=1

eTk′Λk′ek′ (15)
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where

ek′ = logSE(3)(TCm
0 C

s
0
TCs

0C
s
k′
TCs

k′C
m
k′
T
−1
Cm

0 C
m
k′

)

TCs
0C

s
k′

=

[
RCs

0C
s
k′

ss tCs
0C

s
k′

0 1

]
TCm

0 C
m
k′

=

[
RCm

0 C
m
k′

sm tCm
0 C

m
k′

0 1

]
x = [ξTCm

0 C
s
0
, ss, sm]T

ξCm
0 C

s
0

= logSE(3)(TCm
0 C

s
0
) .

Here ss and sm are the scale ratio of sub- and main-agents
to global scale, respectively. Λk′ is the information matrix of
ek′ , which we set to identity. The frontier map with the global
scale can be made by the relative transformation between
two local maps and ss, sm. The reference coordinate of the
frontier map {W} is set to the initial body frame of the
sub-agent {Bs0}.

B. Navigational Assistance

The projected features of visual markers are used to
estimate the relative transformation TCs

kC
m
k

at the kth time
step. Since the visual markers are rigidly mounted on the
main-agent, the position of the markers {Bm

PVM,i}NV M
i=1

expressed in the body frame of the main-agent {Bmk } are
time-invariant. We can estimate the relative pose by solving
an optimization problem that minimizes the reprojection
error of the visual markers.

ξ∗Cs
kB

m
k

= argmin
ξCs

k
Bm

k

NV M∑
i=1

‖C
s
kuVM,i−π(B

m

PVM,i, TCs
kB

m
k

)‖22

where

π(B
m

PVM,i, TCs
kB

m
k

) =

fsu Cs
kXV M,i

Cs
kZV M,i

+ csu

fsv
Cs
kYV M,i

Cs
kZV M,i

+ csv


Cs

kXVM,i
Cs

kYVM,i
Cs

kZVM,i

 = RCs
kB

m
k

Bm

PVM,i + tCs
kB

m
k

ξCs
kB

m
k

= logSE(3)(TCs
kB

m
k

) (16)

Cs
kuVM,i is the pixel coordinates of the ith marker, and π(·)

is the projection equation. The symbols fsu, f
s
v , c

s
u, and csv

denote the intrinsic parameters of the sub-agent’s camera.
We use the Levenberg–Marquardt algorithm to solve two
optimization problems of (15) and (16).

The estimated TCs
kB

m
k

is used to compute the assistance
to the main-agent’s pose T assistWBm

k
= TWCs

k
TCs

kB
m
k

. T assistWBm
k

is

assigned Qassistp =
Qs

pQ
rel
p

Qs
p+Q

rel
p −Qs

pQ
rel
p

, and Qrelp is set to be
inversely proportional with the distance between the main-
and sub-agents. The updated pose of the main-agent T+

WBm
k

is computed by fusing the two poses T assistWBm
k

and TWBm
k

,
considering Qp as a reliability metric.

T+
WBm

k
= f−1

(
Qassistp f(T assistWBm

k
) +Qmp f(TWBm

k
)

Qassistp +Qmp

)
(17)

where f(·) is the transform function from SE(3) to the vector
space which has the form of 3-D translation and quaternion.

VII. VALIDATION

This section describes the experimental result to evaluate
the proposed system and analyzes the effect of Qf by
changing tuning parameters.

A. Simulation Setup

We tested the proposed system in two simulation en-
vironments, Feature World I and Feature World II. Both
simulation environments are built in Gazebo [20], and rotorS
Simulator [21] is used for main- and sub-agents. For the
simulations, we directly fed the ground truth of pose to drone
controller, and we compared the localization performance
of each agents. All the simulations were performed on a
desktop (16GB RAM with Intel i7-8700 3.2GHz CPU).
In order to implement our architecture, nodes in Robot
Operating System (ROS) for main- and sub-agents, and GCS
are generated and run separately. qpOASES [22] is used as
a QP solver for smooth trajectory interpolation. The whole
process of the planner module takes about 100ms to run a
single loop, so we executed re-planning at every 200ms.

Two simulation environments are designed to evaluate
the navigation-assistance performance of sub-agent in the
proposed system involving two MAVs. The simulation en-
vironments Feature world I and Feature world II consist
of the printed walls and floor. In the both environments, a
monocular camera is affixed onto each MAV (main-agent:
45◦pitching down, sub-agent: front view). Main-agents have
goal-reaching tasks, traveling a straight path in Feature world
I and an U-shaped path in Feature world II. We designed the
environments so that the main-agent’s navigation fails at the
end of the mission due to the featureless region. We have
chosen two situations to validate our proposition: 1) a case
without considering Qf (γ1 = 0), 2) a case considering Qf
(γ1 6= 0). For the ease of notation, we call them FX (Future
X) and FO (Future O), respectively, and the parameters in
the simulation are summarized in table I.

Type Parameter Name Value
Receding time horizon [s] T = 1.5
horizon time step NRH = 3
Graph # of features for stable navigation Nstable = 100
generation min. relative distance [m] rmin = 1

max. relative distance [m] rmax = 2
sampling interval [m] dr = 0.1
coefficient of Qf γ1 = (0, 2)
coefficient of Qa γ2 = (2, 2.3)

threshold for Df
k

δQp = 0.6
# of samples in Dk Nsample = 20× 5
# of visual markers NV M = 8
# of vertices in a step NV TX = 100
velocity limit [m/s] Vmax = 2
yaw limit [rad/s] ωmax = 2.09

TABLE I: Parameter setting for simulation. We set (γ1, γ2)
as (0, 2) in FX and (2, 2.3) in FO.
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Fig. 6: Simulation results: Feature World I and Feature World II. The first row shows the trajectories of the main-agent (red)
and sub-agent (blue) in the frontier map (gray). The green lines are viewing directions of the camera of the sub-agent. The
images with the projected features at the three specific time steps of each experiment are presented in the second row.

B. Simulation Result

Fig. 6 presents the overall results. The sub-agent’s se-
quences of motions and camera images at several time steps
are shown to describe the phases of navigational assistance.

1) Time instants (a) and (d): Due to enough features in
the image, the main-agent can robustly estimate its pose
without additional aid at time instants (a) and (d). In the FO
case, the sub-agent moves to explore the place around the
main-agent at future steps to enlarge the frontier map, while
satisfying the minimum requirements of Qsp. It enlarges the
frontier map. On the contrary, in the FX case, the sub-agent
looks at the frontier map to robustly estimate the ego-motion
rather than preparing for future steps even if the main-agent
does not need navigational support.

2) Time instants (b) and (e): Due to different motions in
(a) and (d), FX and FO create different frontier maps. These
different motions in (a) and (d) lead to the succeeding paths
that can be seen in (b) and (e). In the case of FX(b), because
the sub-agent did not explore around the main-agent’s future
location, it gets lower Qsp than FO(b) when featureless wall
appears. On the contrary, in FO(b), the sub-agent’s camera
also looks at the parts next to the plain white wall to gather
visual information thanks to exploring motions in FO(a).
Likewise, in Feature World II, the sub-agent gets higher
Qsp in the FO case, and with the wide frontier map already
acquired, it stares at multiple walls during the main-agent’s
turning motion, while the sub-agent in the FX case looks at

only a single wall to get enough Qsp.

3) Time instants (c) and (f): At this time, the estimation of
ego-motion of main-agent fails due to the absence of features.
Fig. 7 indicates the zero perception quality of the main-agent
at time (c) and (f). In this case, as mentioned in Section V,
the effect of Qf diminishes. Rather than selecting motions
to increase Qf , the sub-agent intends to increase Qsp in both
FO and FX. In the relatively small Feature World I, frontier
maps of FX(c) and FO(c) are similar so that the sub-agent
generates similar motion. However, the results of FO(f) and
FX(f) from Feature World II are different due to the different
frontier maps. The frontier map of FX(f) consists of a single-
wall, but most areas of the Feature World II are discovered
and converted into the frontier map in FO(f). Since a larger
map gives more visual information available for localization,
expansion of the frontier map offers significant advantages
like in the FO case.

4) Results of Navigational Assistance: Figs. 7 and 8
present the perception qualities of both agents and Root
Mean Squared Error (RMSE) of the estimation of TWBm

k
,

TWCs
k
, and T+

WBm
k

in both environments. The pose error
and Qp show an opposite tendency. The navigation of main-
agent fails at about 20 sec in Feature World I and 40
sec in Feature World II. The RMSE of TWBm

k
, which is

the estimation by the main-agent without the assistance
of the sub-agent, diverges after the navigation failure. The
proposed assistance system provides the main-agent with
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Fig. 7: Perception quality of the main- and sub-agents in
two environments. The red line represents Qmp of the FO
and FX due to the same motion of the main-agent in each
environment.

Fig. 8: RMSE of the estimated pose. The red line represents
the RMSE of TWBm

k
in both FO and FX cases.

the updated pose T+
WBm

k
. The green and magenta curves of

Fig. 8 represent the RMSE of the updated pose in the FX
and FO cases, respectively. The fact that the RMSE of the
updated pose and TWCs

k
are very similar after Qmp becomes

zero shows that the relative transformation TCs
kB

m
k

is highly
accurate. As a result, the sub-agent can assist the navigation
of the main-agent, unless the sub-agent fails the navigation.

VIII. CONCLUSION

We propose the navigation-assistant path planner, which
takes advantage of information generated by feature-based
SLAM. The metric to represent the perception quality is
designed with the number of features and their distribution,
and look-ahead consideration of future steps is included.
The map fusion module is implemented to create a frontier
map, and the assistance module realizes the proposed sys-
tem for providing inter-agent navigational information. The
performance of the planner is validated in two simulated
environments where the amounts of the features widely
fluctuate, including situations when the main-agent’s own
navigation fails. Simulation successfully demonstrated the
effectiveness of navigational supports of the main-agent in
visually-degraded areas.
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