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Abstract: This paper deals with the problem of pose estimation for multicopters by using a downward-looking monocular camera
and AprilTag. First, successive AprilTag images are captured by the downward-looking camera and the relative pose between
them is estimated using a vision algorithm directly. Then, a Kalman filter combined with a constant-velocity process model is
adopted to improve the accuracy and robustness of pose estimation. Experimental results show that the proposed pose estimation
method can satisfy closed-loop control requirements of multicopters.
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1 Introduction

Nowadays multicopters have been widely used in many

applications. For example, Amazon has designed and tested

a future deliver system -- Prime Air to deliver goods us-

ing multicopters [1]. During the 2017 Super Bowl halftime

show, 300 multicopters called shooting star were employed

[2]. Accurate and reliable pose estimation is a fundamental

issue for their autonomous control. A commonly-used pose

estimation (or navigation) method is Global Positioning Sys-

tem (GPS), but it is not suitable for GPS-denied situations,

such as indoor or urban areas. In contrast, vision-based nav-

igation methods do not depend on GPS and could provide

high-precise pose within a close range. AprilTag shown in

Fig.1 is a kind of visual fiducial system for robotics applica-

tions designed by E. Olson [3]. The system is composed of

two major components: the tag detector and the coding sys-

tem. It is designed to be automatically detected and localized

even when the tag is at very low resolution, unevenly lit or

oddly rotated. If the camera is calibrated and the physical

size of the tag is known, it can provide the relative transfor-

mation between the tag and the camera. So it can be used

to assist camera calibration [4] and is known for their ap-

plication in augmented reality [5]. Also, with the measuring

function of AprilTag, it plays a role in simultaneous localiza-

tion and mapping (SLAM) [6]. In the literature [7], a robot

team is built to explore with the help of AprilTag.

Fig. 1: Examples of different AprilTag families
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Therefore, it is natural and convenient to develop a

monocular vision method using AprilTag to estimate the

pose of multicopters. For a practical system, the positions

of AprilTags need to be preset under some specific rules and

constraints. In our paper, 400 AprilTags are distributed with

the same spacing to compose a map.

In computer vision, determining the relative pose be-

tween a 2D-tag and a calibrated camera is often known as

a Perspective-n-Point (PnP) problem from n 2D-2D point

correspondences [8]. For solving PnP problem, the pose

estimation methods for marks (include tags) can be gener-

ally classified into three categories : linear methods [8–10],

iterative methods [11–13], and recursive methods [14–16].

Linear methods are simple and intuitive but are sensitive to

noises. Recursive methods are accurate, efficient and very

suitable for image sequence processing with the temporal

filtering such as Kalman filters. In the literature [10], the

method of pose estimation is a kind of linear methods, and

the author developed a supported platform integrated with

AprilTags for multicopters indoor autonomous localization.

The integrated development environment is the advantage of

the platform, but the system architecture has not included the

filter to improve the robustness of this system. Therefore,

we used the map composed of AprilTags and a downward-

looking camera to estimate the pose of multicopters with

a Kalman filter based on a linear constant-velocity process

model, which is a kind of recursive methods.

The contributions of this paper include that: (i) a vision-

based location system is built with the Robotic Operation

System (ROS) based on this method using the AprilTag and

a monocular camera; (ii) a Kalman filter is adapted to im-

prove the accuracy and robustness of pose estimation. Mean-

while, two experiments are presented, which show that pose

estimation using this method can satisfy closed-loop control

requirements of multicopters.

This paper is organized as follows. Some preliminaries

and problem formulation are introduced in section II. In sec-

tion III, the main algorithm of pose estimation is presented.

The experimental results from the real flight are shown in

section IV, followed by the conclusion in section V.

Following notations are adopted in this paper consistent
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with that in [17]. Rn denotes Euclidean space of dimension

n. RB
A and TB

A denote rotation matrix and translation vec-

tor from coordinate system {A} to coordinate system {B},

respectively.

2 Preliminaries and problem formulation

2.1 Coordinate system transformation
Let P ∈ R

3, vectors PA = [XA YA ZA]
T, and PB =

[XB YB ZB]
T be the coordinates of P in two different coor-

dinate systems A and B respectively. In Euclidean geometry,

they satisfy

PB = RB
APA +TB

A (1)

where RB
A ∈ R

3×3 is the rotation matrix, and TB
A ∈ R

3 is

the translation vector.

Here, several coordinate systems are involved and defined

as follows. The camera coordinate system {C} is in the front

of the multicopter and not the center of the multicopter, and

the camera is pointing down. The body coordinate system

{B} is attached with the multicopter, and its origin is the cen-

ter of the drone with XB axis pointing forward of the drone,

YB axis pointing right of the drone, ZB axis pointing down-

ward of the drone. The coordinate system of the map {M}
composed with AprilTags is on the ground surface. The co-

ordinate system of the k-th AprilTag {Tk} is on the surface

of the tag, and its origin is the center of the tag with XTk
axis

pointing forward, YTk
axis pointing right, k = 1, 2, 3...n.

Fig.2 and Fig.3 show the experimental setup along with

the coordinate system. OB-XBYBZB denotes the body co-

ordinate system of the multicopter, OC-XCYCZC is the cam-

era coordinate system, and OM-XMYMZM is the map coordi-

nate system and OTk
-XTk

YTk
ZTk

is the k-th tag coordinate

system. As shown in these figures, OB-XBYBZB is paral-

lel to OC-XCYCZC, and OM-XMYMZM is parallel to OTk
-

XTk
YTk

ZTk
. Therefore, they satisfy

PB = PC +TB
C (2)

where TB
C = [l 0 0]T, l denotes the distance between the

camera and the center of the multicopter.

PTk
= PM +TTk

M (3)

where TTk

M is determined by the rules composing the map,

as shown

TTk

M = [[
k

20
]d (k − 20[

k

20
])d 0]T (4)

where d denotes the distance between the AprilTags in the

map, assuming that the distance in x-axis is equal to that in

y-axis.

We denote the angles φ, θ and ψ are the Euler angles. A

rotation of φ radians about the X-axis is defined as

RX(φ) =

⎡
⎣ 1 0 0

0 cosφ sinφ
0 − sinφ cosφ

⎤
⎦ . (5)

Similarly, a rotation of θ radians about the Y -aixs is de-

fined as

RY (θ) =

⎡
⎣ cos θ 0 − sin θ

0 1 0
sin θ 0 cos θ

⎤
⎦ . (6)
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Fig. 2: Camera and body coordinate system
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Fig. 3: Some coordinate systems

Finally, a rotation of ψ radians about the Z-axis is defined

as

RZ(ψ) =

⎡
⎣ cosψ sinψ 0

− sinψ cosψ 0
0 0 1

⎤
⎦ . (7)

Therefore, the rotation matrix from the map coordinate

system to the body coordinate system RB
M satisfies

RB
M = RZ(ψ)RY (θ)RX(φ). (8)

The rotation matrix RC
Tk

can be given as follows

RC
Tk

=

⎡
⎣ cϕcθ cθsϕ −sθ

cϕsφsθ − cφsϕ sφsθsϕ+ cφcϕ cθsφ
cϕcφsφ+ sϕsφ cφsϕsθ − cϕsφ cφcθ

⎤
⎦
(9)

where c and s are abbreviations for cos and sin, respectively.

According to (2) and (3), the rotation matrix from the k-th

tag coordinate system to the camera coordinate system RC
Tk

satisfies

RC
Tk

= RB
M. (10)

Since the transform from camera coordinate system to k-th

tag coordinate system can be given as follows

PTk
= RTk

C PC +TTk

C . (11)
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Based on (2), (3), (8), (10) and (11), the transformation from

the map coordinate system to the body coordinate system is:

PM = TM
Tk

+RTk

C (PC +TC
B) +TTk

C . (12)

Using (12), equations of position parameters can be estab-

lished and solved.

2.2 Camera pinhole model
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Fig. 4: Camera pinhole model

The camera pinhole model (Fig.4) is used to transform

PC in {C} and PTk
in {Tk} to image coordinate system

(OI-XIYI) in pixels as equation (13).

s

⎡
⎣ u

v
1

⎤
⎦ = M

[
RC

Tk
TC

Tk

0T 1

]
⎡
⎢⎢⎣

XTk

YTk

ZTk

1

⎤
⎥⎥⎦ , (13)

and

M =

⎡
⎣ αx 0 u0 0

0 αy v0 0
0 0 1 0

⎤
⎦ , (14)

where s in (13) is the scaling factor; and RC
Tk

∈ R
3×3 de-

notes the rotation matrix from the world coordinate system

to the camera coordinate system and TC
Tk

∈ R
3 denotes the

translation vector. M is the camera intrinsic matrix with αx,

αy , u0, v0 in M determined by camera calibration [18].

Taking camera lens distortion into consideration, let (u, v)
be the ideal pixel image coordinates, and (ũ, ṽ) the corre-

sponding real observed image coordinates. The ideal points

are the projection of the model points according to the

pinhole model. Similarly, (x, y) and (x̃, ỹ) are the ideal

(distortion-free) and real (distorted) normalized image co-

ordinates. Assuming ũ = u0 + αx̃ and ṽ = v0 + βỹ, we

have

ũ = u+ (u− u0)(k1(x
2 + y2) + k2(x

2 + y2)2)
ṽ = v + (v − v0)(k1(x

2 + y2) + k2(x
2 + y2)2)

,

(15)

where k1 and k2 are the coefficients of the radial distortion.

The center of the radial distortion is the same as the principal

point.

Note that the parameters αx, αy, u0, v0, k1, k2 have no re-

lation to the pose of camera so they are classified as intrin-

sic parameters. Here, we calibrate the camera with a classi-

cal method presented in [18]. RC
Tk

and TC
Tk

are determined

by the pose of the camera, namely extrinsic parameters, and

they are used to estimate the pose of the multicopter.

Here, the projection of the camera is from the 2D tag to

a 2D image. Therefore, we use (13) and (15) to compute

the relative pose between the tag plane and the image plane.

Thus, let ZTk
= 0 in the mode (13), we have the simplified

model (17) suitable for our problem.

Here denote

RC
Tk

= [ r1 r2 r3 ] =

⎡
⎣ r11 r12 r13

r21 r22 r23
r31 r32 r33

⎤
⎦ (16)

and TC
Tk

= [ t1 t2 t3 ]
T
, the model (17) can be given as

s

⎡
⎣ ũ

ṽ
1

⎤
⎦ = M

⎡
⎢⎢⎣

r11 r12 t1
r21 r22 t2
r31 r32 t3
0 0 1

⎤
⎥⎥⎦
⎡
⎣ XTk

YTk

1

⎤
⎦ . (17)

The r3 can be recovered by computing the cross product

of the r1 and r2, because the columns of a rotation matrix

must be orthonormal. Therefore, RC
Tk

and TC
Tk

can be com-

puted using the Direct Linear Transform (DLT) algorithm

[19].

2.3 Problem formulation
From (17), we get a description of coordinate transfor-

mation including pose information, which should be solved

using real-time information. By expanding (17) , for every

point, we can get

⎧⎨
⎩

u =
(αxr11+u0r31)XTk

+(αxr12+u0r32)YTk
+αxt1+u0t3

r31XTk
+r32YTk

+t3

v =
(αyr21+v0r31)XTk

+(αyr22+v0r32)YTk
+αyt2+v0t3

r31XTk
+r32YTk

+t3

.

(18)

The equation (18) can be used to directly to solve our

problem. Image coordinates u and v, camera intrinsic pa-

rameters αx, αy , u0, v0 and tag system coordinates XTk
and

YTk
are known. The RC

Tk
and TC

Tk
are to be calculated.

In order to solve RC
Tk

and TC
Tk

, there are more than three

feature points in a same image. Thus, the non-linear equa-

tions can be solved. From (18), for every feature point in a

image, subscript i means the i-th point. Denotes (αxr11 +
u0r31)XTk,i+(αxr12+u0r32)YTk,i+αxt1+u0t3 as numu

, (αyr21+v0r31)XTk,i+(αyr22+v0r32)YTk,i+αyt2+v0
as numv and r31XTk,i + r32YTk,i + t3 as den , We have

f(RC
Tk,i

,TC
Tk ,i

) =

[
numu − u · den
numv − v · den

]
. (19)

Theoretically, f should be equal to zero vector, i =
1, 2, 3.... However, due to the noise and other uncertain fac-

tors, we have to solve using an optimization method to get

the RC
Tk

and TC
Tk

. Thus, according to (12), the pose of the

multicopter can be calculated.

Next, the proposed method will be introduced in Section

III in detail.
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3 Main algorithm of pose estimation

3.1 Main algorithm
Here, we define Θk = [φk θk ψk]

T ∈ R
3 that compose

the RC
Tk

, and Tk = TC
Tk

= [xk yk zk ].

Since RTk

C = RC
Tk

−1
, according to (19), we can get the

position of the multicopter with the k-th AprilTag using the

least square method

Pk = g(Θk,Tk). (20)

Thus, the orientation Ok of the multicopter can be give as

Ok = Θk. (21)

Suppose that there are n tags included in the image cap-

tured by the camera of the drone, the IDs of the n tags are

k1, k2...kj ..., j = 1, 2, 3..., n. Using (20) and (21), we can

get a (Θkj
,Tkj

) for the kj tag in the image. According (20)

and (21), we have n positions Pkj
and orientations Okj

of

the multicopter, j = 1, 2, 3..., n. Finally, we can calculate

the average of the n positions and orientations using equa-

tions (22) and (23).

Pos =
1

n

n∑
j=1

Pkj , j = 1, 2, ...n (22)

Att =
1

n

n∑
j=1

Okj
, j = 1, 2, ...m (23)

3.2 Kalman filter
Using the constant-velocity model [15], the process model

for estimating the pose of the multicopter can be given as

follows

x̂k = Φx̂k−1 + Γwk−1 (24)

ẑk = Hxk + vk. (25)

In equation (24),

xk = [xk yk zk vx,k vy,k vz,k]
T (26)

is the 6-dimension state vector and

Φ =

[
I3×3 dt · I3×3

03×3 I3×3

]
∈ R

6×6 (27)

is the state transition matrix. Γ is the noise correlation ma-

trix, and

Γ =

[
03×3 03×3

03×3 I3×3

]
∈ R

6×6 (28)

is the state transition matrix. wk−1 is the Gaussian noise. In

equation (25), zk = [xk yk zk]
T is the observation vector.

H =
[
I3×3 03×3

] ∈ R
3×6 (29)

is the observation matrix. vk−1 is the Gaussian noise.

Therefore, the Kalman filter consisting of prediction and

update parts is given as follows.

x̂k,k−1 = Φx̂k−1,k−1

Pk,k−1 = ΦPk−1,k−1Φ
T + ΓQk,k−1Γ

T

Kk = Pk,k−1H
T(HPk,k−1H

T +Rk)
−1

x̂k,k = x̂k,k−1 +Kk(zk −Hx̂k,k−1)
Pk,k = (I−KkH)Pk,k−1

(30)

Pk,k−1 is a prior covariance of the estimation error, Pk,k

is a posterior covariance of the estimation error and Kk is the

Kalman gain matrix at step k. Qk,k−1 is the covariance of

the systematic noise. Rk is the covariance of the observation

noise.

After adopting this Kalman filter, we can get a more ac-

curate and reliable result x̂k,k, and we denote yk as the final

pose of the multicopter. Using

yk = Hx̂k,k, (31)

the accurate and reliable position and orientation of the mul-

ticopter can be estimated.

Therefore, our method of pose estimation for multicopters

can be summarized as follows.

Algorithm 1 Procedure of Pose estimation based on

AprilTag

Step 1: Set some necessary parameters include the dis-

tance d of the tags in X and Y axis in the map, the size of

tag and the intrinsic parameters;

Step 2: According to the image captured by the multi-

copter, measure the camera-relative position and orientation

of the tag with the equation (22) and (23);

Step 3: Based on the camera-relative pose, according to

(12), calculate the pose of the multicopter;

Step 4: Using the Kalman filter (30) and (31), estimate

the accurate and reliable position and orientation of the mul-

ticopter.

4 Experiments

4.1 Experiment setup

Fig. 5: Experimental scene

As shown in the Fig.5, an experimental system is con-

structed. This experimental system is constructed with a par-

rot Bebop2, a map consisted of AprilTags. At the same time,

a motion capture system (MoCap) is used to collect accu-

rate data for comparison. The precision of MoCap used in

this experiment is high to 1mm. Here we call the proposed

method for estimating the pose of multicopters as AprilTags’

positioning system (APS) shown in Fig.6 . So the compar-

ison between the pose estimated by MoCap and APS can

evaluate the precision of the APS.
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Fig. 6: The structure of AprilTags’ positioning system

(APS)

4.2 Detection of AprilTag
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Fig. 7: The flowchart of Tag detection’s process

The process of detection of AprilTag is composed of two

major components: the tag detector and the code system.

The detector is used to find the AprilTag and measure the

camera-relative position and orientation of the tag. The code

system is to extract the information included in the AprilTag.

The process of the detection of the tag is shown in Fig.7.

!�" !�" !�"

!�" !" !�"

Fig. 8: The process of detecting AprilTag [3]

The Fig.8(a) is the input image. The first step is to detect

line segments in the image. As shown in Fig.8(b) and (c),

the approach computes the gradient direction and magnitude

at every pixel. Using a graph-based method [20], pixels with

similar gradient directions and magnitude are clustered into

components shown in in Fig.8(d). The next step is to find the

square of AprilTag and the line segments. Using weighted

least squares, the line segment is fit to the pixels in each

component form at last step shown in 8(e). Thus, according

to the intersecting lines, the pixels’ coordinates can be get

and they are at the center of every minor quad in the April-

Tag, as shown in Fig.8(f). Then, the homography matrix can

be computed using the camera pinhole model (17). The fi-

nal task is to read the information from the payload field.

In this experimental system, the IDs of the AprilTag are the

information that we need. All the details are introduced in

[3].

4.3 Experiment results
Here, we used the algorithm described in Section III to

process the image and estimate the pose of the multicopter

based on the images captured by the downward-looking

camera.

(1) Comparisons between MoCap and APS

With the pose estimated by the truly pose (from MoCap),

we controlled the Bebop2 to fly along four edges of a square.

The trajectory of Bebop2 is shown in Fig.9. The red line de-

notes the value of pose from MoCap, and the blue line de-

notes the value of pose estimated by APS. The comparisons

in X-axis and Y -axis are shown in the Fig.10 and Fig.11.

From these figures, we can conclude that the pose estimated

by APS is correct and the precision of the value is about

0.02m in the x-axis and y-axis.

Fig. 9: The trajectory estimated by APS and MoCap

Fig. 10: The position estimated by APS and MoCap in x-axis

(2) Closed-loop control

In this experiment, we conduct a closed-loop control ex-

periment for Bebop2 using APS. The video about this ex-

periment can be found at http://rfly.buaa.edu.cn.

The task of this flight is to make a traversal from A-B-C-D-

A under the certain sequence. The coordinates of these four

points are A(0.55,-0.55), B(-0.55,-0.55), C(-0.55,0.55) and

D(0.55,0.55). The experimental result in the Fig.12 shows

the Bebop2 have arrived every point under the closed-loop
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Fig. 11: The position estimated by APS and MoCap in y-axis

control. Because the task of this control is just to make

the traversal four points and doesn’t include the trajectory

control. The result demonstrated that the APS Based on

the monocular camera and AprilTag could use to make the

closed-loop control for multicopters.

#$

� �

Fig. 12: The trajectory of closed-loop control

Although the algorithm and experiments are accurate, po-

sition and attitude information contain some errors. These

errors may ascribe these following reasons:

1) The distortion of the camera of Bebop2 cannot be elim-

inated totally through calibration, so the image system coor-

dinates will occur small errors.

2) When the Bebop2 is flying, a high-frequency vibration

will be arised. This will affect the stability of camera and the

estimation of the attitude of Bebop2.

3) Because the image captured by the camera is needed to

be sent to ground station with WiFi connector, the time delay

will generate a little hysteresis on pose estimation.

5 Conclusion

A low-cost localization system based on AprilTag and

monocular vision is proposed in this paper. According to

the result of these experiments, the system can provide accu-

rate and robust pose estimation for multicopters using the

Kalman filters. The experiments have demonstrated that

the method for pose estimation is concise and can satisfy

closed-loop control requirements of multicopters. There-

fore, it is easy to build the localization system for some

robots equipped with a camera. Therefore, it is also suitable

for researching multiple drones flight if it uses this method

of pose estimation.
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