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Abstract—Multiple cameras have emerged as a promising tech-
nology for robots and vehicles due to their broad fields of view
(FoV) and high resolution. However, there are often limited or
no overlapping FoVs among cameras, bringing challenges to es-
timating extrinsic camera parameters. To overcome this problem,
we propose CamMap: a novel 6-degree-of-freedom (DoF) extrinsic
calibration pipeline. Following three operating rules, we make a
multi-camera rig capture some similar image sequences individu-
ally to create sparse feature-based maps with a SLAM system. A
two-stage optimizationproblem is formulated to align themaps and
obtain the transformations between them based on bidirectional
reprojection. The transformations are exactly the extrinsic param-
eters. Supporting diverse camera types, the pipeline is available
in any texture-rich environment. It can calibrate any number of
cameras simultaneously without requiring calibration patterns,
synchronization, same resolution and frequency. The pipeline is
evaluated on cameras with limited and no overlapping FoVs. In the
experiments,wedemonstrate ourmethod’s accuracyandefficiency.
The absolute pose error (APE) betweenKalibr andCamMap is less
than 0.025.

Index Terms—Extrinsic calibration, multiple cameras, non-
overlapping FoVs, SLAM.

I. INTRODUCTION

CAMERAS are cost-effective sensors for mobile robots,
micro air vehicles (MAVs) [1], automatic pilots, and aug-

mented reality (AR) [2] to perceive the environment. Based
on the simultaneous location and mapping (SLAM) algorithm,
they can estimate the motion and recover detailed information
about the scene. To improve the robustness of the system, it
has become a trend for robots and autonomous driving to install
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Fig. 1. An example of a rig with non-overlapping cameras. (a) A TurtleBot
equipped with two RealSense D455 and two L515. We removed the connecting
wire for clear indication. (b) Composition of RealSense d455. The right imager
and left imager can be combined into a stereo camera, and the coordinate system
of the left imager is used as a reference. The middle RGB module can be used
as a monocular camera individually. (c) Structure of RealSense L515. It can be
employed as an RGB-D or a monocular camera.

multiple cameras [3], [4], which can provide wider FoV and
higher resolution.
Meanwhile, accurate estimation of extrinsic camera parame-

ters is crucial for associating the information of multiple cam-
eras. However, as shown in Fig. 1(a), the overlapping FoV is
often small or nonexistent, which brings significant challenges
to the extrinsic calibration. The pattern should be placed far from
the cameras in order to be captured by them at the same time. The
calibration accuracy will decrease due to the increase of pixel
error in corner extraction. For the case with non-overlapping
FoVs, a calibration room full of patterns with known relative
positions is needed,which is feature expensive and inconvenient.
Focusing on solving the aforementioned problems and mak-

ing full use of ORB-SLAM3 [5], this letter proposes CamMap: a
6-DoF extrinsic calibration pipeline. It can perform extrinsic cal-
ibration of non-overlapping cameras with high accuracy and be
used in several types such asmonocular, stereo andRGB-D cam-
eras. The setting of reference for each camera is given as follows.
For a monocular camera, the reference is the camera coor-

dinate system, whose origin is on the image plane, the Z-axis
is perpendicular to the image plane, the X-axis and Y-axis are
parallel to the ones on the image. A stereo camera consists
of two monocular ones. It is common to use the coordinate
system of the left monocular camera as a reference. What is
more, an RGB-D camera consists of an RGB monocular one
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TABLE I
APPLICATION REQUIREMENTS OF THE PROPOSED METHOD

and a depthmeasurementmodule, the RGB coordinate system is
considered as a reference. The extrinsic camera parametermeans
the transformation between two reference coordinate systems.
In stereo or RGB-D cameras, there are also easy-to-calibrate
extrinsic parameters among their internalmodules,which are not
considered in this letter. For the case with multiple cameras, we
set one of them as amaster, others as slaves. The calibration aims
to estimate all the transformations between the master camera
and the slave ones, the same as the calibration with two cameras.
So we only introduce the calibration with two cameras below.
Currently, compared with other visual feature-based SLAM,

ORB-SLAM3 surpasses other similar open-source algorithms
in positioning accuracy and robustness. With Oriented FAST
and Rotated BRIEF (ORB) [6] feature points, it can capture the
features evenly and stably in the scenes and has strong robustness
indoors and outdoors. It applies tomonocular, stereo andRGB-D
cameras, using pinhole and fish-eye lens models. Moreover, it
is a multiple map system that relies on a new place recognition
method with high recall.
Our calibration method, CamMap, is performed by aligning

the maps created by the ORB-SLAM3. In other words, the
natural scene can be used as a calibration pattern. After building
two similar maps with two cameras respectively and finding all
thematchingmappoints, the extrinsic parameters is precisely the
transformation between maps. The process of calibration only
costs tens of seconds. Application requirements of the proposed
method can be found in Table I. The main contributions of this
letter are listed as follows:
� We propose a camera extrinsic calibration pipeline that
integrates ORB-SLAM3 system for various camera types
with non-overlapping FoVs, which is applicative in any
texture-rich natural environment without calibration pat-
terns and can calibrate any number of cameras at one time.
We make the proposed method open-sourced.

� We propose three operating rules for different placement
of multi-camera. It is aimed to eliminate theoretical error
when the cameras are not synchronized and reduce the error
caused by SLAM drifts.

� We introduce cost functions based on bidirectional re-
projection in two-stage optimization problem to calculate
the extrinsic parameters. After that, an evaluation method
for SLAM drifts is provided to determine whether the
calibration is successful.

This letter is organized as follows: Section II reviews the
related works on existing muti-camera calibration approaches.
Section III describes the details of the proposed pipeline, in-
cluding sequence capture and map creation, similar keyframe
detection, extrinsic parameters refinement. Section IV shows
experimental results in different natural scenes, followed by
discussion in Section V and conclusion in Section VI.

II. RELATED WORK

There are many excellent camera calibration methods with
overlapping FoVs. Ince et al. [7] associated measurements from
cameras with their relative poses by SLAM. They proposed
an iterative optimization method to refine the map, keyframe
poses and relative poses between cameras simultaneously. Li
et al. [8] proposed an online calibration method for only a
limited common FoV by SLAM initialization. They took the
inaccurate extrinsic poses as soft constraints to accommodate
the calibration errors and performed calibration by matching
map points across different cameras between two keyframes.
As the multi-camera application becomes more and more

extensive, camera calibration with no overlapping FoV has
received more attention. Li and Heng et al. [9] presented a
novel feature descriptor-based calibration pattern and a Mat-
lab toolbox. They used the specially designed calibration pat-
tern to easily calibrate the intrinsic and extrinsic parameters
of a multiple-camera system. The method only requires that
neighbouring cameras observe parts of the calibration pattern
simultaneously; the observed parts may not overlap. Kumar
et al. [10] used a planar mirror to generate a family of mirrored
camera poses that described the real camera pose and estimated
the extrinsic parameters from their mirrored poses. However,
the entire pattern has to be visible in the camera, which is
non-straightforward.
The emerging of SLAM and struct frommotion (SFM) brings

convenience to the extrinsic calibration. Heng et al. [11] built
a highly accurate map with SLAM so that other cameras can
use it as a calibration pattern. But it belonged to the “frame
to frame” matching method, which did not fully use of the
map information. [12] belonged to the hand-eye calibration.
The authors performed an extrinsic calibration which found
all camera-odometry transforms, inferring metric scale from
odometry data. Esquivel et al. [13] applied a structure and
motion (SAM) algorithm to estimate relative transformations
between the rigidly coupled cameras. Since [12], [13] relied on
trajectory matching rather than map alignment, it is deficient in
robustness and accuracy. The estimation of rotation is inaccurate
due to the tire skidding when the vehicle turns. Besides, some
DoFs of calibration parameters may be unobservable when the
moving trajectory only has simple changes. Pollok et al. [14]
tackled the extrinsic calibration for distributed, non-overlapping
multi-camera networks. They reconstructed the scene from a
video including areas visible by each network camera. The pose
estimation of each surveillance camera is performed individually
by assigning 3 dimensions (3D) to 3D correspondences of the
map points with SLAM.
The works that we have found which are most similar to

our approach are that by Carrera et al. [15] and by Nishiguchi
et al. [16], who also used the matching information of SLAM
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Fig. 2. System overview of the proposed calibration pipeline. Note that the map coordinate system coincides with the camera coordinate system of the first frame,
so TMapA

MapB
= TA1

B1
.

map. Because of the use of mono visual SLAM rather than a
stereo one, they could only calibrate the 3-DoF rotation. Besides,
they did not propose different calibration operating rules accord-
ing to the specific placement of cameras of non-overlapping
FoV to reduce the SLAM drifts. What’s more, they require the
cameras to shoot at the same frequency and time.

III. METHODOLOGY

In this section, the proposedmethod is described in details. As
shown in Fig. 2, a rig is installed with two rigid joint cameras A
andB.After the rigmakes series of plannedmotions, the cameras
capture image streams, which ORB-SLAM3 will process to
create maps, including keyframes Ai, Bj for i = 1, . . .,m, j =
1, . . ., n and map points P . It is worth noting that the map
coordinate system coincides with the first keyframe coordinate
system of the camera, which means the transformation TMapA

MapB

between maps is exactly the transformation TA1

B1
between A1

and B1, as well as the extrinsic parameters. Then, a similar
keyframe detection is performed to find matching keyframes in
two maps. Finally, we use a two-stage optimization to estimate
the extrinsic parameters by aligning all the pairs ofmatchingmap
points (PA1

k , PB1

k ) for k ∈ N,N = {1, . . ., l}. The pipeline of
CamMap consists of the following steps:
1) Capture some image sequences by cameras as the muti-
camera rig makes a set of programmed movements, such
as rotating on a small circle, which should be planned
according to the relative position of the cameras. At the
beginning and end of calibration, the rig should remain
stationary.

2) Process image sequences with the ORB-SLAM3 system
to create ORB feature-based maps.

3) With the bag of words (BoW)module, similarity detection
is performed on all keyframes between two maps to find
similar ones and match map points.

4) Align the scales and local maps captured by pairs of
similar keyframes to estimate the extrinsic parameters.
This process is “frame to frame” alignment, which is the
first optimization stage.Meanwhile, use the chi-square test
to remove the wrong matching pairs of map points.

5) For the second stage of optimization, use all the correct
matching pairs of map points to refine the extrinsic param-
eters, which is “map to map” alignment. The chi-square
test is applied to get the number of inliers. Finally, judge

whether the calibration is successful according to the
number of inliers and the difference between TA1

B1
and

TAm

Bn
.

The details of these steps will be explained in the following
subsections.

A. Sequences Capture and Map Creation

Before performing SLAM in the texture-rich scene, the in-
trinsic parameters should be calibrated in advance, which will
profoundly affect the accuracy of both SLAMand calibration. In
the method, it is sufficient that the map coordinate system coin-
cides with the camera coordinate system of the first image. Thus,
the cameras can shoot at different frequencies. ORB-SLAM3
system refuses to create a keyframe if there are few feature
points in the first image. Therefore, it is supposed to place the
cameras in the direction with relatively abundant features at the
beginning.
Cameras may not be synchronized during the extrinsic cali-

bration. As a result, if the cameras move at the beginning of the
SLAM, assuming that t0 and t1 are the moment of two cameras
capturing the first image, there will be an error T

Bt0

Bt1
in the

extrinsic parameters TA1

B1
:

TA1

B1
= TAt0

Bt1
= TAt0

Bt0
· TBt0

Bt1
, (1)

where TAt0

Bt0
is the actual extrinsic parameters and T

Bt0

Bt1
is the

transformation of camera B from time t1 to time t0. So if camera
B moves fast and captures images at a low frequency, the error
will be greater. Accordingly, if the cameras keep stationary at the
beginning, T

Bt0

Bt1
will be an identity matrix, and the theoretical

error will be avoided.
Theoretically, if the camera keeps stationary at the end of

SLAM, TAm

Bn
will be equivalent to extrinsic parameters as

well. But in the SLAM system, pose estimation is a recursive
process. The accumulating error increases gradually, as Fig. 3
shows. Consequently, when finishing calibration, we can judge
whether the calibration is successful by comparing TA1

B1
with

TAm

Bn
. An effective way to decrease the error is loop detection.

Loop detection determines whether the robot has returned to the
previously passed position. If a loop is detected, it will optimize
all the SLAM poses and map points to improve the accuracy.
What’s more, ORB-SLAM3 optimizes the local map based on
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Fig. 3. Influence of accumulating error on calibration results. Because of the
SLAM drifts, there will be accumulating error at the end of the SLAM, so TA1

B1

is a more accurate estimation of the camera extrinsic matrix than TAm
Bn

.

the connected keyframe relationship, so if there are overlapping
views among them, the accumulating error will be small.
In summary, three operating rules are proposed:
1) The rig should keep stationary at the begin and the end of
the SLAM.

2) If there are overlapping FoVs among cameras, it will be
suggested to move the rig for a short distance without
turning too much, such as the motion trail in Fig. 7(a).

3) Otherwise, it will be better to make the rig move in a loop
in order to make the system detect loop closure, such as
the motion trail in Fig. 8(b).

To detect loop easier, We modify the loop detection module
of ORB-SLAM3 such as increasing the number of keyframes.
In summary, the operating rules not only aim to make the rig
capture enough similar images, but also keep the accumulating
error small. It should be noted that if there is a monocular one
among the cameras, wemust move the rig rather than only rotate
it. Otherwise, monocular SLAM cannot estimate the pose in this
instance.
Since the accuracy of the camera changes with distance, we

removemap points 10 times deeper than the camera baseline. At
the end of SLAM, global Bundle Adjustment (BA) is performed
to optimize the position ofmap points and the pose of keyframes.

B. Similar Keyframe Detection

Similar to loop detection, it is needed to find all the pairs
of similar keyframes (Ai, Bj) for (i, j) ∈ M and matching

map points (PAi

k , P
Bj

k ) in two maps. We use the bag-of-words
(BoW) [17] module to findmatching keyframes and map points,
which can transform feature points into a vector, so we can
find similar images by comparing the distance between vectors.
Then, we can match the map points by their ORB descriptor.
Used to verify the matching relationship, the similarity transfor-
mation SAi

Bj
between Ai and Bj can be obtained by:

PAi

k = SAi

Bj
· PBj

k , S =

(
λR t
0T 1

)
, (2)

whereR is an orthogonal rotation matrix, describing the relative
orientation. t is the translation between the two reference frames.

Fig. 4. Bidirectional reprojection of a pair of matching map points on the
corresponding keyframes.

λ accounts for the scale factor between two coordinate systems.
When all the cameras are stereo or RGB-D, λ = 1.
The similarity transformation SAi

Bj
can be optimized by the

bidirectional reprojection method in (3). As Fig. 4 shows, it
projects the pair of matching map pointsPAi

k , P
Bj

k together into
the pixel points on keyframesAi,Bj . Pixel error is described by
Mahalanobis distance in Ai and Bj respectively. If the cameras
have different FoVs and resolution, the weight of reprojection
errorwill not be the same.Mahalanobis distancewith covariance
is more accurate than Euclidean distance to describe the error.

SAi

Bj
= argmin

S
Ai
Bj

{∑
k∈N

ρ

(∥∥∥xAi

k − πA

(
SAi

Bj
· PBj

k

)∥∥∥2
ΣA

+
∥∥∥xBj

k − πB

(
SAi

Bj

−1 · PAi

k

)∥∥∥2
ΣB

)}
, (3)

where xAi

k , x
Bj

k are the 2D pixel coordinates corresponding

to the map point PAi

k and P
Bj

k in the keyframe Ai and Bj

respectively. πA(·) and πB(·) are the projection functions of
camera A and B, which can map a 3-dimensional vector map
point to a 2-dimensional pixel point in the image. We use the
Mahalanobis distance ‖ · ‖ΣA

and ‖ · ‖ΣB
instead of L2 norm.

ρ(·) is the robust kernel function to reduce the impact of outliers.
The chi-square test are used to eliminate outliers. If the number
of correct matchingmap points exceeds a threshold, we consider
that similar keyframes match successfully. This is the “frame
to frame” alignment, the first stage of optimization. The initial
value is important in nonlinear optimization problems, so we
choose T̃A1

B1
as the initial value for second stage optimization:

T̃A1

B1
= TA1

Ai
· SAi

Bj
· TB1

Bj

−1
(λ = 1) , (4)

where SAi

Bj
is calculated by most matching map points.

C. Extrinsic Parameters Refinement

For the second stage of the optimization, transform all the
pairs of matching map points (PAi

k , P
Bj

k ) into (PA1

k , PB1

k ).
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Then, the extrinsic calibration can be converted into a nonlinear
optimization problem by bidirectional reprojection:

TA1

B1
= argmin

T
A1
B1

{ ∑
(i,j)∈M

∑
k∈N

ρ

(∥∥∥xAi

k − πA

(
TAi

A1
· TA1

B1
· PB1

k

)∥∥∥2
ΣA

+
∥∥∥xBj

k − πB

(
T

Bj

B1
· TA1

B1

−1 · PA1

k

)∥∥∥2
ΣB

)}
. (5)

After several iterations of nonlinear optimization and chi-
square tests for outlier removal, we can estimate the extrinsic
parameters TA1

B1
and the number of matching map points that

pass the chi-square test. Finally, we can get the transformation
TAm

Bn
by:

TAm

Bn
= TA1

Am

−1 · TA1

B1
· TB1

Bn
. (6)

The optimization method with “map to map” alignment in-
formation is better than the one with the “frame to frame” align-
ment information. The primary factor affecting the calibration
accuracy is the drift in the SLAM system, so we judge whether
the calibration is successful from the following two aspects.
On the one hand, both TA1

B1
and TAm

Bn
are extrinsic parameters

theoretically; due to the SLAM drift, TAm

Bn
has some deviations

from the ground truth. Therefore, it is advised to calibrate again
if the difference between TA1

B1
and TAm

Bn
is large. On the other

hand, if only a fewmap points pass the chi-square test, the result
is the same as the calibration of “frame to frame” alignment,
which is not accurate enough.
In particular, for the case where camera A is a stereo or

RGB-D, and camera B is a monocula, TA1

B1
is the similarity

transformation with scale factor λ shown as:

TA1

B1
=

(
λRA1

B1
tA1

B1

0T 1

)
. (7)

Because of the orthogonality of the rotation matrix RA1

B1
,

we can easily get RA1

B1
and tA1

B1
, which are actual extrinsic

parameters. For the other case where the two cameras both are
monocular, considering that the real scale information cannot
be obtained in the process of monocular SLAM, we can only
calculate the 3-DoF rotation RA1

B1
.

IV. EXPERIMENTS EVALUATION

Our ROS calibration code is run on Ubuntu 20.04 with an
Intel Core i7-1165G7@2.8 GHz CPU. Two types of cameras,
RealSense D455 and L515, are used in the experiment as either
RGB-Dormonocular cameras. D455 can also be used as a stereo
one. We can calibrate the extrinsic parameters among multiple
cameras simultaneously by performing the planned movement
on the rig only once, and the image sequences are recorded in
the rosbag. In order to prove the accuracy of the method and the
positive effect of the proposed operating rules, the experimental
process and results are shown as follows.

Fig. 5. Three cameras with overlapping FoVs and the AprilTag calibration
pattern seen by each camera.

Fig. 6. Three experimental environment: (a) Display board; (b) Office; (c)
Parking lot. The green boxes indicate the ORB feature points extracted by ORB-
SLAM3.

A. Three Cameras With Overlapping FoVs

The placement of three cameras and the corresponding FoVs
are shown as Fig. 5. We apply the proposed pipeline for cali-
bration and use the results by Kalibr [18] as the ground truth.
The classical open-source calibration tool Kalibr requires that
calibration patterns should appear at all angles and corners in the
FoV.But in Fig. 5, cameraA andConly have a small overlapping
FoV. Therefore, Kalibr cannot be used for calibration directly
in this situation. Luckily, the overlapping FoV between camera
A and B and the one between B and C are large. Thus, the
extrinsic parameters betweenA and C can be obtained indirectly
by TA

C = TA
B · TB

C . We conducted experiments on the display
board, in the office and parking lot as shown in Fig. 6. The
resolution of camera A is 848× 480, while both B and C are
640× 480. The shooting frequencies of the three cameras are
15 Hz, 30 Hz and 5 Hz respectively. They are all employed as
RGB-D cameras here. We use absolute pose error (APE) for the
accuracy evaluation:

APE =
√
‖log(T−1

gt Testi)∨‖22, (8)

where (·)∨ transforms Lie groups into Lie algebras, Testi is the
estimation of extrinsic parameters while Tgt is the ground truth.
In calibration, we assume that the intrinsic parameters are

known. The rig should remain stationary at the beginning and
the end of the calibration process (operating rule (1)). It should
only move slowly for a small distance during the calibration
(operating rule (2)), except for the following special cases: in
the experiment of display board 2, cameras move fast when
ORB-SLAM3 starts; in the experiment of display board 3, we
move cameras for a long distance. The experimental results are
shown in Table II. Note that in all of the experiments, TAm

Bn
is

close to TA1

B1
, indicating the success of calibration.
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TABLE II
ESTIMATED TRANSLATIONS (X, Y, Z), ANGLES (ROLL, PITCH, YAW) BETWEEN TWO CAMERAS AND APE FOR EVALUATION

Fig. 7. Maps built by CamMap on display board in Fig. 6(a). Red points
are current active map points, their locations are optimized in local BA with
ORB-SLAM3, and the accumulating error among map points is small. Black
points are historical map points, the accumulating error is large. The blue boxes
indicate the keyframe, and the green lines indicate the connected relationship
between keyframes. (a) represents experiment on the display board 1 in Table II.
(b) represents experiment on the display board 2 and the rig moves for a long
distance.

From the first two experiments, it can be inferred that moving
at the beginning of calibration will produce the extra error, and
the impact will be more significant to the cameras with low
frequency. The maps of display board 1 and 3 are shown as
Fig 7. In ORB-SLAM3, if several keyframes share overlapping
views, these keyframes and correspondingmap points are active.
Coincidentally, it can be seen that all map points are active in
Fig 7(a), which will be optimized in the local BA module to
decrease the drifts. Therefore, its APE is smaller than the result
on display board 3.
Since the depthmodule of the cameraL515B is easily affected

by the light and cannot build a map in the parking lot, we
fail to calibrate the extrinsic parameters outdoors. The feature
quality means the accuracy of map point. When a map point

Fig. 8. Experiments in the office. (a) Experiment setup of a TurtleBot rotating
automatically. (b)The map built by four cameras.

is located on the edge of an object or in a far-field, its depth
value is not accurate according to the ranging principle. We find
that calibration accuracy positively correlates with the quality of
indoor features, so it is highly recommended to apply CamMap
indoors with high quality features like a display board.

B. Four Cameras With Non-Overlapping FoVs

We perform calibration in the office shown in Fig. 8(a). In
order to reduce the accumulating error, we use the operating
rule (3) to make the TurtleBot in Fig. 1(a) rotate one circle
automatically. In this experiment, camera A and D are used
as monocular ones, B is RGB-D and C is stereo. We consider
camera A as the master and others as slaves. One of the maps
built by ORB-SLAM3 is shown in Fig. 8(b). The camera’s
trajectory constitutes a loop. ORB-SLAM3 detects the loop
closure, and corrects the pose of keyframes and the location
of map points. It should be noted that the movement cannot be a
pure rotation, due to the SLAM cannot estimate the translation
with monocular camera A and D. CamMap cannot estimate the
actual translation between two monocular cameras, A and D,
but it can be obtained indirectly by calibrating camera A, C and
C, D first. The comparison of calibration results between our
method and the manual setting is shown in Table III. APE is not
calculated here due to a large manual setting error.
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TABLE III
RESULTS OF CALIBRATION

V. DISCUSSION

When there are limited or no overlapping FoVs, the traditional
method such as Kalibr can not work under these situations.
The proposed method CamMap is specially designed for the
problems above and can achieve similar accuracy as Kalibr. In
addition, our method is easy-to-use and consumes less time.
The calibration process can be automated, which is suitable for
industrial applications.Ourmethod can be applicable to a variety
of scenarios and has no constraints on synchronization. Also,
the cameras are not required to have the same frequency and
resolution.
However, there are also some limitations. First, due to the

limitation of equipment, we did not conduct calibration experi-
ments on the fish-eye model camera. Second, this method is not
suitable for the situation where the two cameras cannot capture
the same picture. For example, if one of the cameras is installed
on the top of the car, and the other is on the underside, it will be
impossible to make them take the same picture. Third, when two
cameras are all monocular and cannot be formed into a stereo
one, our method can only calibrate 3-DoF rotation. Luckily, in
ORB-SLAM3, we can use monocular cameras with an inertial
measurement unit (IMU) to create maps with absolute scale and
optimize 3-DoF translation. It will be included in future work.

VI. CONCLUSION

When there are limited or non-overlapping FoVs among
cameras, we cannot use the calibration pattern to calibrate them
directly and conveniently. To overcome these challenges, we
present a SLAM-based extrinsic calibration pipeline. Features
from the natural environment extracted by the modified ORB-
SLAM3 are used in calibration instead of the calibration pattern.
Three operating rules are proposed to reduce the accumulating
error when creating maps. The extrinsic camera parameters are
obtained by solving a two-stage optimization problem which
further improve the accuracy. Our method is convenient and ef-
ficientwith no requirements for same resolution, same frequency
and time synchronization. It works for RGB-D, stereo and
monocular cameras. The experiment results have demonstrated
the accuracy of the method as well as the effectiveness of the
operating rules. The APE between CamMap and Kalibr is less
than 0.025, proving that our method has high accuracy.

It can be eagerly-awaited that the calibration accuracy will be
enhanced with the improvement of visual SLAM in the future.
Besides, estimating intrinsic parameters can be a part ofmapping
andmap alignment to achieve amore comprehensive calibration
pipeline.
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