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Abstract— Relative state estimation is crucial for vision-based
swarms to estimate and compensate for the unavoidable drift
of visual odometry. For autonomous drones equipped with the
most compact sensor setting — a stereo camera that provides a
limited field of view (FoV), the demand for mutual observation
for relative state estimation conflicts with the demand for
environment observation. To balance the two demands for FoV-
limited swarms by acquiring mutual observations with a safety
guarantee, this paper proposes an active localization correction
system, which plans camera orientations via a yaw planner
during the flight. The yaw planner manages the contradiction
by calculating suitable timing and yaw angle commands based
on the evaluation of localization uncertainty estimated by
the Kalman Filter. Simulation validates the scalability of our
algorithm. In real-world experiments, we reduce positioning
drift by up to 65% and managed to maintain a given formation
in both indoor and outdoor GPS-denied flight, from which the
accuracy, efficiency, and robustness of the proposed system are
verified.

I. INTRODUTION

Micro vision-based aerial swarms have become popular
for their low cost, agility, and independence of bulky external
sensors. For some swarm missions like formation flight [1],
coordinated object handling [2], and collaborative mapping
and exploration [3], accurate alignment of the reference
frames maintained by each agent is a basic requirement.
However, due to the unavoidable drift of vision-based lo-
calization, the alignment breaks during mission execution,
requiring continuous relative state estimation among vehicles
for frame re-alignment.

To conduct continuous relative state estimation in vision-
based swarms, mutual observation is adopted for its
environment-independence. In existing methods, mutual ob-
servation is achieved through drone detection via onboard
cameras. Then relative position can be derived from the drone
detection [4]–[6]. Vision-based mutual observation requires
drones to be captured by cameras of others, hence some
works add extra sensors like multiple fisheye cameras with
an omnidirectional sensing range to capture all nearby drones
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Fig. 1: Leverage active mutual observation for localization
correction in the field experiment. (A) The drones are
disorganized due to the drift of the VIO. (B) The mutual
observation tasks are assigned, drone 0 observes drone 1,
and drone 1 observes drone 2 (white arrows). The yaw
rotation (black arrows) can be seen more clearly in the close-
up views. (C) After mutual observation, relative localization
is corrected. Drones fly in the predefined line formation.
(D) Drones conduct environment observation and deform the
formation to avoid the tree obstacles. The red curves are the
approximate flight paths.

[7]. However, for micro aerial vehicles, the limited payload
capacity makes it tough to install additional sensors. This pa-
per aims to preserve relative localization with a minimum set
of sensors widely applied in autonomous drone navigation:
a field-of-view-limited (FoV-limited) stereo camera with an
IMU.

For FoV-limited swarms, when estimating the relative
localization with the only camera, there exists a contradiction
between two observations: 1) the environment observation
for obstacle avoidance; 2) the mutual observation for relative
state estimation (Fig. 2). To guarantee flight safety, the drone
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Fig. 2: The contradiction between mutual observation and
environment observation. If the blue drone chooses environ-
ment observation (ψ1), the mutual measurement cannot be
obtained due to the black drone out of the FoV of the black
drone. If the blue drone chooses mutual observation (ψ2),
the drone may collide with the ellipse-shaped obstacle that
has not been seen.

should be oriented toward an area near its future trajectory
to get obstacle information. However, mutual observation
requires that the drone be oriented toward the others. Com-
monly, those two requirements cannot be satisfied at the same
time due to limited FoV, for example in situations when
two drones fly side by side. Faced with this dilemma, some
methods [8] choose to prioritize the demand for environment
observation while leaving mutual observation to be satisfied
passively and randomly. This means mutual observation is
achieved only when a drone happens to fly into the FoV
of others, otherwise, the uncertainty grows continuously,
and may finally lead to mutual collisions. Without sufficient
mutual observation, safety cannot be guaranteed.

To guarantee the flight safety of the swarms, we propose
an active localization correction system to balance the two
demands in the FoV-limited swarm. The core inside is a
yaw planner that decides the time point, duration, target
drone, and yaw angle command to perform an observation.
Inspired by Roumeliotis et al. [9], a Kalman Filter is im-
plemented for swarm state estimation. It takes the position
drifts of all the drones as system states, and combines the
information of the VIO(Visual-Inertial Odometry) and the
relative measurement to calculate corrected localization. The
covariance maintained by the Kalman Filter encodes the
uncertainty between different drones, which is then used
by the yaw planner to determine which kind of observation
to choose. A yaw planning process starts from determining
a pair of drones with relative localization covariance that
satisfies some given criteria. Then the selected drone pair
is tasked to perform mutual observation. Before rotating, the
required yaw rotation is calculated to make the camera cover
a confidence area of the other drone derived from relative
localization covariance to ensure the drone is observed. To

avoid collision during rotation and ensure that the drone
is not blocked by obstacles, we further propose continuous
safety and visibility checks.

In simulation, we tested the scalability and the robust-
ness of the proposed system. In real-world experiments,
we conducted indoor and outdoor experiments to verify the
capacity to preserve accurate relative localization in both
experimental and field environments. The code is released
1 for the reference of the community.

II. RELATED WORKS

Relative localization approaches for robot swarms can
be primarily categorized into two methods: environmental-
feature-based and mutual observation. The environmental-
feature-based method is commonly employed in Multi-robot
SLAM, where agents estimate the relative transformations
between robots’ map frames by matching common features
in their maps. This can be achieved either in a central-
ized manner [10], [11] or distributed [12], [13] fashion.
However, due to the exchange of map information and
feature-matching requirements, this method is limited in
its application to micro-robot swarms due to the increased
communication and computational load. On the other hand,
mutual observation is a relatively lightweight approach that
directly utilizes robot-to-robot range and bearing measure-
ments through methods such as UWB measurement [14]–
[16], set markers [6], [17], [18] or reflective tapes detected
by LiDAR [19] to estimate relative localization.

Utilizing image measurements as a means of mutual
observation for vision-based swarms is an intuitive approach.
Cutler [17] proposes a lightweight solution for estimating
range and bearing relative to a known marker, which com-
prises three IR LEDs in a fixed pattern. Nguyen et al.
[5] propose a visual-inertial multi-drone localization system,
and the MAVNet is employed to detect other teammate
drones. To further enhance the mutual observation, Xu et al.
[20] introduce a visual-inertial-UWB relative state estima-
tion system that utilizes YOLOv3-tiny for teammate drone
detection. In this system, the UWB module is employed
as a complementary sensor to provide distance constraints
alongside the camera. Nonetheless, all the aforementioned
systems may encounter potential failure or drift when the
teammate drones are out of the FoV of the camera. This
limitation restricts their applicability in scenarios involving
formation flight. The objective of this article is to achieve
relative localization using the most compact sensor setup
commonly employed for aerial navigation: a pair of forward-
placed stereo cameras.

Upon observing each other, the utilization of acquired rel-
ative state measurements varies among different approaches.
Early works [9], [21], combining bearing and range measure-
ments, use the Kalman Filter(KF) to simultaneously localize
a group of mobile robots capable of sensing one another.
These methods assume that robots can uniquely identify each

1https://github.com/ZJU-FAST-Lab/
Active-Relative-Localization
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Fig. 3: The system architecture of the active localization correction framework. The notation can be referred to the
nomenclature in Sec. IV-A. The system consisting of n drones has one leader with a yaw planner and a Kalman Filter
deployed. The desired yaw calculated by the leader ψdes, the localization result X̂, and mutual observation measurements z
of every drone are transmitted over the wireless network. Based on the covariance P and the corrected localization X̂ from
the Kalman Filter, the yaw planner selects a target and an observer for mutual observation, then calculates the expected
yaw ψdes, and performs validity checks. After passing the checks, the expected yaw is sent to the drone to execute mutual
observation. The drone captured during mutual observation is identified by comparing the estimated position of other drones
with the observation measurement. Then the observation measurement is sent to the Kalman Filter for drift estimation.
Finally, the estimated drift is used to correct localization information from the VIO.

of the observed robots in their field of view and measure
their relative ranges and bearing vectors, which is frequently
not applicable in real-world scenarios. To further address
the issue of anonymous observations, Nguyen [5] extended
the coupled probabilistic data association filter to cope with
nonlinear measurements. Wang [22] presented a certifiably
optimal algorithm that uses anonymous bearing measure-
ments to formulate a mixed-integer quadratically constrained
quadratic problem (MIQCQP) to determine bearing-pose cor-
respondences. However, these approaches still struggle with
the challenge of partial observations. In this paper, inspired
by [9], we propose a novel system where the Kalman Filter is
extended to trigger extra observations and incorporate mutual
position measurements.

III. ACTIVE LOCALIZATION CORRECTION SYSTEM

The complete active localization correction system is
shown in Fig. 3. A yaw planner considering the covariance
of the relative localization of every drone is deployed to
the leader among the swarm. The yaw planner selects a
pair of drones that should conduct mutual observation, then
determines the observer and the target in this pair, and cal-
culates the yaw angle required for the observer to trigger the
detector, i.e., make the target be in the FoV of the observer.
Once the target is captured by the observer, the continuously
working detector detects the target and outputs the relative
position of the drones in the FoV, and the observed drones
are identified using the shared odometry of each drone. The
observation measurement is transmitted over the wireless
network to the leader of the swarm. Then the localization

correction is achieved by a Kalman Filter leveraging the
estimated relative position derived from odometries and the
measurement from the detector, and the newly estimated drift
is sent back to every drone in the swarm.

IV. LOCALIZATION CORRECTION VIA KALMAN FILTER

Inspired by Roumeliotis et al. [9], we apply Kalman Filter
which takes the position drifts of all the drones as the states
of the system, leveraging its ability to estimate the drift and
model the uncertainty of the odometry.

A. Notation

In order to help understand the localization correction
framework, the following notations are defined below and
followed by the rest of the paper.

NOMENCLATURE
ˆ(·) the estimated state
(̃·) the error state
(·)(tk) the state at discrete-time tk
(·)(t−k ) the state at discrete-time tk before update
(·)(t+k ) the state at discrete-time tk after update
xi the state of drone i, xi = [xi yi zi]

T

X the state of all the drones, X = [xT
0 ... xT

n ]
T

Pi j the covariance between drone i and j
P the covariance of the whole system
wi the zero-mean Gaussian noise in the VIO measure-

ment of drone i, wi ∈ R3

W the zero-mean Gaussian noise of the VIO measure-
ment from n drones, W ∈ R3n
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Fig. 4: A schematic description of the notation. Frame {G}
means the global frame. Drone i is selected as the observer,
and drone j is the target. The estimated global frames of
the two drones are not aligned due to the drift x̃i and x̃ j.
With the estimated position of itself x̂i, and the mutual
observation measurement zi j, drone i calculates the true
position of drone j in the estimated global frame of drone
i. Then the difference between the true position and the
estimated position of drone j, z̃i j, is the difference between
the estimated global frame of two drones.

n the zero-mean Gaussian noise in the detector mea-
surement, n ∈ R3

Q the corresponding covariance matrix of the noise W
N the corresponding covariance matrix of the noise n
{i} the frame attached to drone i
zi j the measurement of the relative position of drone j

in the frame {i}
Ri

j the rotation matrix transforming frame {i} to frame
{ j}

ri j the residual of the relative measurement zi j
Si j the covariance of the residual ri j

B. Problem Formulation
As shown in Fig. 4, considering an aerial swarm system

consisting of n drones and each one applying VIO for
localization in an initially aligned common frame (the true
{G}), the alignment will be broken due to the drift of VIO
(see the estimated {G} of drone i and j). The localization
correction aims to re-align the global frame by estimating the
drift, i.e. the error state of all the drones, X̃ = [x̃T

0 ... x̃T
n ]

T =
[x̃0 ỹ0 z̃0 x̃1 ỹ1 z̃1 ... x̃n ỹn z̃n]

T ∈ R3n.

C. Relative State Estimator
The Kalman Filter estimates the position drifts of every

drone in the swarm X̃ in propagation and uses the measure-
ment from mutual observation zi j for update.

1) Propagation: We describe the propagation equations
for the Kalman Filter using the assumption that the drift
of VIO accumulates in its each update, so the discrete-time
propagation for drone i is

x̃i(tk+1) = x̃i(tk)+wi(tk). (1)

Based on (1), the discrete-time error-state propagation
equation for the system is

X̃(t−k+1) = X̃(t+k )+w(tk). (2)

The covariance propagation equation is

P(t−k+1) = P(t+k )+Q(tk). (3)

We assume that for any drone i and j, wi and w j are
independent, so we have Q = diag(Q1,Q2, ...Qn), yielding
that the covariance between different drones does not change
in propagation.

2) Update: The measurement from the detector is used
in the update process. If no observation measurement is
received at time tk, We have:

X̃(t+k ) = X̃(t−k ), P̃(t+k ) = P̃(t−k ). (4)

When drone j is in the FoV of drone i, the detector
measures the relative position of drone j in frame {i}. The
measurement is

z̃i j = x̂i + zi j − x̂ j, (5)

where zi j is the detection measurement of drone i, x̂i is the
odometry information of drone i, and x̂ j is the odometry
information shared by drone j.

And the measurement model of the error state, i.e., the
drift, is

z̃i j = RG
i (x̃ j − x̃i)+n

= RG
i [0 0 ...0

i−th︷︸︸︷
−I 0...0

j−th︷︸︸︷
I 0...0]X̃+n

= HX̃+n,

(6)

where
H = RG

i [0 0 ...0 − I 0...0 I 0...0],

and {G} refers to the global frame.
Then the residual of the relative position measurement and

its covariance can be calculated:

ri j = z̃i j −H(tk)X̃(t−k ),

Si j = H(tk)P(t−k )HT (tk)+N.

Then the Kalman gain, the updated error state, and the
updated covariance can be calculated as below:

K(tk) = P(t−k )HT (tk)S−1
i j (tk), (7)

X̃(t+k ) = X̃(t−k )+K(tk)ri j(tk), (8)

P(t+k ) = P(t−k )−K(tk)H(tk)P(t−k ). (9)

Observations between drone i and j can help improving
drift estimation of other drones like drone p and drone q, as
long as p,q have observations with i, j before, i.e., one of
Ppi,p j,qi,q j ̸= 0. Then after updating, the covariance between
drone p and drone q is

Ppq(t+k ) = Ppq(t−k )− (−Ppi(t−k )+Pp j(t−k ))

(RG
i S−1

i j RG
i

T
)(P jq(t−k )−Piq(t−k )).

(10)

10425



Then the covariance between each pair of drones are used
in active yaw planning to select the observer and the target
for mutual observation.

The drift of drone p is corrected as below:

x̃p(t+k ) = x̃p(t−k )+(−Ppi(t−k )+Pp j(t−k ))

RG
i

T
(t−k )S−1

i j (t−k )ri j(t−k ).
(11)

From (11), with the existence of the covariance between
drone p and the drone involved in the observation (drone i
or j), the localization drift of drone p is corrected although
drone p is not involved in the observation.

The corrected localization of drone p is:

x̂p(t+k ) = x̂p(t−k )− x̃p(t−k )+ x̃p(t+k ). (12)

V. ACTIVE YAW PLANNING

With the covariance maintained by the Kalman Filter,
the yaw planner actively reacts to the increasing relative
localization uncertainty and constrains it under a certain
threshold.

A. Observer and Target Selection

Without absolute positioning capacities, the drift of the
vision-based swarm cannot be completely compensated,
while an accurate relative localization can be preserved
leveraging mutual observation. So here we use relative
localization covariance to determine whether a pair of drones
needs mutual observation.

Based on the Kalman Filter, the uncertainty of the relative
localization can be calculated by the covariance of the error
state in the Kalman Filter. The covariance of the relative
localization between drones i and j is

cov(x̂i − x̂ j) = Pii +P j j −Pi j −P ji

=

σ2
xx σ2

xy σ2
xz

σ2
yx σ2

yy σ2
yz

σ2
zx σ2

zy σ2
zz

 .
(13)

Based on (3) and (9), the relative localization covariance
increases every time the VIO outputs its localization result,
and the covariance is reduced when the mutual observation
enhances the correlation between two drones.

Aiming to preserve relative localization, we propose the
concept of active mutual observation, which means the drone
actively changes its orientation to capture others for mutual
observation. The determinant, the largest eigenvalue and
the trace can be used to quantify the magnitude of the
relative localization covariance. For the choice has little
impact on the performance of the system, here we choose the
trace tri j, which is the easiest to calculate, as the criterion
for determining whether the drone i and j require mutual
observation execution, where

tri j = tr(cov(x̂i − x̂ j)). (14)

The proposed yaw planner continuously checks the trace
tri j of the relative localization covariance. For a pair of
drones whose tri j of the relative localization covariance
reaches the set threshold, the drones will be assigned the

task of executing active mutual observation to reduce the
trace. In detail, to determine the roles (observer or target) of
two drones, we calculate the expected yaw angle based on
the received drone position, and the drone whose difference
between the current yaw angle and the expected yaw angle
is less than the other’s is selected to be the observer, and
the other drone is the target. The process of yaw calculation
before determining the roles is detailed below.

B. Yaw Calculation

With the received positions of a pair of drones, the
yaw planner calculates the yaw that allow each drone to
see the other. To improve the possibility that the target is
captured by the observer, the possible drift will be taken
into consideration.

For the yaw rotation only changes the line of sight in a
2D plane, we consider the drift in the x and y axes. The
distribution of the target’s location can be described by (13),
which is elliptical under certain confidence. Specially, the
elliptical area can be written as:

((x− x̂ j + x̂i)cosα +(y− ŷ j + ŷi)sinα)2

λ 2
1

+

((y− ŷ j + ŷi)cosα − (x− x̂ j + x̂i)sinα)2

λ 2
2

< s,
(15)

where s is determined by the probability of drone presence
within the area. We have:

((x− x̂ j + x̂i)cosα +(y− ŷ j + ŷi)sinα)2

λ 2
1

+

((y− ŷ j + ŷi)cosα − (x− x̂ j + x̂i)sinα)2

λ 2
2

∼ χ
2(2),

(16)

Therefore, the value of s can be determined by referring to
a chi-square distribution table. For an area where the target
has a 95% probability of being present, the corresponding
value of s is 5.991.

For the other notation in (15), the λ1 is the largest
eigenvalue of the covariance matrix of the drifts in the x
and y axes:

covxy =

[
σ2

xx σ2
xy

σ2
yx σ2

yy

]
, (17)

and λ2 is the other eigenvalue, α is the angle between the
eigenvector v1 corresponding to λ1 and the x-axis.

α = tan−1(v1(1)/v1(0)). (18)

To guarantee there is a high probability of mutual obser-
vation occurring, the line of sight of drone i should sweep
across the above-mentioned area as illustrated in Fig. 5. Then
the expected yaw for the observer to turn to can be calculated.

C. Validity check

Before the active mutual observation starts, safety and
visibility checks are performed.

• Safety check: Turning causes the drone to lack infor-
mation about the environment ahead, leading to the
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Fig. 5: An illustration for yaw calculation. The orientation of
the observer is aligned with its velocity direction at first. Be-
cause of the drift, The true position of the target is different
from the position estimated based on the received position.
To improve the possibility of successful observation, the
observer should turn right until the right boundary of the
FoV tangentially intersects the ellipse

possibility that the drone may fly into the unknown en-
vironment and crash. With the constant angular velocity
w and the expected yaw, the turning time tturn can be
easily calculated.

tturn =
2|∆ψ|

w
=

2|ψdes −ψcur|
w

, (19)

where ψdes is the desire yaw and ψcur is current yaw.
The time tout when the drone will fly out of the known
map, the current time tcur, and the velocity of the drone
after mutual observation v can be derived from the
executing trajectory. To guarantee flight safety, the drone
should be able to stop within the known environment
after mutual observation in case there is an obstacle
right behind the frontier, so we check if (20) holds:

amax(tout − tcur − tturn)≥ v. (20)

If it is not true, the mutual observation task will be
canceled.

• Visibility check: Limited by the accuracy of the depth
information and the camera resolution, the drones that
are at distances greater than 3 meters are not considered
observation targets. Furthermore, the drones sheltered
by the obstacles in the known local map are invisible.
The mutual observation task will not be carried out in
both conditions.

VI. EXPERIMENT

To validate the feasibility and accuracy of the proposed
active localization system, we run a series of experiments:
1) scalability evaluation of the centralized Kalman Filter and
yaw planner; 2) robustness evaluation to the noise of the
VIO and the detection; 3) real-world experiments indoor and
outdoor.

Fig. 6: The aerial platform equipped with a minimum set of
sensors: a FoV-limited stereo camera with an IMU embedded
in the flight controller.

A. Detailed System Implementation

1) Detection: As the stereo camera outputs depth and
gray-scale images simultaneously, we combine both streams
to form dual-channel images, based on which YOLOv8
is adopted for providing real-time object detection on the
onboard computer.

Firstly, we calculate the mean of the 25% smallest depth
pixels within the output bounding box. This approach en-
able us to disregard the depth of pixels belonging to the
background, and instead the depth of pixels constituting the
surface of the drone is calculated. Secondly, we compensate
the detection measurement with an approximate distance
between the surface and the center of the drone, as the
distance varies with different observation direction. The
compensated value is used as the final depth measurement
of the drone.

With the bearing vector provided by the bounding box and
the corresponding depth images, the relative position of the
drone can be calculated.

Notably, the detection is executed continuously, which
means that for a drone that is not assigned a mutual ob-
servation task by the yaw planner, it can detect others that
appeared in its FoV, and the mutual measurement is derived
and then leveraged by the Kalman Filter.

2) Visual-Inertial Odometry: A GPU-accelerated version
of VINS-Fusion [23] is adopted for ego-state estimation
leveraged in the propagation process of the applied Kalman
Filter.

3) Aerial Platform: Four aerial robots with identical hard-
ware configuration are adopted for the swarm system. Each
drone is equipped with a kakute H7 flight controller with an
IMU embedded in, an Intel RealSense D430 stereo camera
module, and an orin NX onboard computer (Fig. 6) .

B. Scalability

We test the computation time of the Kalman Filter and
the yaw planner in simulation for different quantities of
drones in the swarm. Fig. 7 shows how the computation
time varies with the number of drones. For the swarm of
100 drones, the Kalman Filter corrects the localization of
every drone in 5 ms after receiving mutual measurements,
and the yaw planning process can be finished in about 2
ms. The most time-consuming step of yaw planning is the
confidence area calculation since it calculates the eigenvalues
and eigenvectors of the relative localization covariance of
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Fig. 7: The computation time of the two algorithms.

every pair of drones. In real-world scenarios, not every
pair needs confidence area calculation for its trace of the
covariance does not reach the threshold or the distance
between two drones is greater than the valid sensing range.
Hence the yaw planning can be executed much faster. In
terms of computation time, this evaluation verifies that the
method can be extended to a swarm of up to 100 agents
without violating the real-time bottom line.

C. Robustness

To evaluate the robustness of the proposed system, we add
different levels of noise into two simulated measurements: 1)
the original localization from the VIO; 2) the relative position
measurements from the detection. Both of the two kinds of
noise are modeled as the zero-mean Gaussian noise. The
standard deviations of the three axes position measurements
from the VIO is set to be the same value, σv, and the
standard deviations of the three axes of the relative position
measurements from the detection is also set to be the same
value, σd .

Then we change the two deviations to verify the ro-
bustness. A four-drone formation flight is executed in the
experiment. The total relative pose error (RPE) of the final
position of every pair of drones is used to measure the rela-
tive localization accuracy. Only positional error is calculated
for we only estimate the position drifts:

RPE =
n

∑
i=0

n

∑
j=0

∥(xi −x j)− (x̂i − x̂ j)∥. (21)

The RPE under different noise levels is shown in Fig.
8, which reveals the robustness of the proposed system. In
the majority of instances, the system’s RPE is constrained
to a range not exceeding 0.4 meters and shows relatively
small variations. The RPE tends to increase only when both
measurements are subjected to significant levels of noise.
Moreover, the figure shows the capacity of an accurate mu-
tual measurement to constrain the RPE even with substantial
noise.

D. Real-world experiments

For the indoor experiment, the position information pro-
vided by the NOKOV motion capture system is introduced
as the ground truth for evaluating the localization accuracy
of our method. In the indoor experiment, we deployed four
drones, which are expected to fly in a straight line, to execute
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Fig. 8: The RPE of the swarm with different levels of noise.

Fig. 9: Four drones conduct line formation flight in the indoor
experiment.

a formation flight (Fig. 9). Line formation flight is the
formation that most requires active observation, for drones
cannot capture any other drones without active planning. Fig.
10 shows how the RPE of the estimated position of our
method and the VIO changes with time. The RPE is reduced
when the four drones are assigned mutual observation tasks
at the 40th second, and then the RPE is constrained within
a narrow range.

Besides preserving accurate relative localization, the abso-
lute positioning accuracy has also seen some improvement.
Tab. I shows the root mean square error (RMSE) of the
estimated position of three drones is reduced. However, a
relatively more accurate localization of a drone may be
suspected to be inaccurate and adjusted because of large
drifts of others, which causes the increase in the RMSE of
drone 3.

In the outdoor experiment, as shown in Fig. 1, three drones
start in an area of trees and low bushes in a line. The drones
managed to fly through the area safely while maintaining
the line formation. The experiment demonstrates that the
proposed system can tackle both experimental and field
environments. For more details, please view the experimental
video.

VII. CONCLUSION AND FUTURE WORK

This paper proposed an active localization correction
system for the vision-based FoV-limited swarm. Compared
with previous works that utilize visual mutual observation in
relative state estimation, we designed an extra module, which
calculates appropriate actions for drones to actively execute
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Fig. 10: The total RPE of the VIO and the proposed method.

TABLE I: The RMSE of The VIO and The Proposed Method

VIO Proposed Method
Traj Length 91.52m

RMSE of drone 0 0.766m 0.347m
RMSE of drone 1 1.205m 0.418m
RMSE of drone 2 0.727m 0.436m
RMSE of drone 3 0.387m 0.472m

mutual observation, to solve the contradiction between mu-
tual observation and environment observation that occurs in
the FoV-limited swarm.

In the future, it may be advantageous to incorporate the
uncertainty from VINS to model the covariance of the system
more accurately. Secondly, active mutual observation can be
executed via path planning in addition to yaw planning. In
this way, we can avoid the loss of environment observation
during mutual observation. Moreover, when the observation
is demanding but the visibility check is not satisfied, the
visibility of the target can be actively improved, such as by
getting the target out of the sheltered area of certain obstacles
or letting the two drones approach each other.
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