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Abstract: RGB-D sensor and microphone array are widly used for providing an instantaneous

representation of the current visual and auditory environment. Sensor pose is needed for sharing

and combining sensing results together. However, manual calibration of different type of sensors is

tedious and time consuming. In this paper, we propose an online calibration framework that can

estimate sensors’ 3D pose and works with RGB-D sensor and microphone array. In the proposed

framework, the calibration problem is described as a factor graph inference problem and solved

with a Graph Neural Network (GNN). Instead of frequently used visual markers, we use multiple

moving people as reference objects to achieve automatic calibration.

1 Introduction

In a sensor network, the observations from each sen-

sor are measured on sensor’s own 3D coordinate and

need to be combined together to yield a collective ob-

servation. This process requires each sensor’s 3D pose

in the world coordinate to conduct the coordinate con-

version. The calibration of sensors is a crucial but

often tedious problem in a sensor network. Especially

when the network includes different type of sensors,

the observations themself are difficult to be used as

references. This fact motivate us to propose a cali-

bration framework that is able to calibrate different

type of sensors without human intervention.

Calibration of cameras and RGB-D sensors is a well-

studied topic. For cameras, researchers used wand [1],

plane [2] or orthogonal planes [3] as calibration ob-

jects to calculate intrinsic and extrinsic parameters.

Regarding RGB-D sensors, point cloud of a calibra-

tion plane was used to generate virtual points and

calibrate sensors [4]. Conventional calibration object

such as checkerboard is also used for calibrating mul-

tiple RGB-D sensors [5]. Other than calibration ob-

jects, human bodies are also used in calibration pro-

cess. In [6], skeleton-based viewpoint invariant trans-
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formation (SVIT) is proposed to derive the transfor-

mation from human body to RGB-D sensor. A com-

monly observed human body (skeleton) by two neigh-

boring sensors is used to calculate the relative position

and orientation between two sensors. Similarly, an al-

gorithm that calibrate and automatically re-calibrate

RBG-D sensors using joints of observed skeleton is

proposed in [7].

Microphone arrays are widely used for auditory en-

vironment sensing and improving robot audition [8,

9]. In [10], 3Ω D sound maps are created by a mov-

ing 3D microphone array taking into account the prior

probability of sound emitting. In [11], multiple cali-

brated microphone arrays are used to reproduce and/or

manipulate auditory environment for people at a re-

mote location. Multiple 3D microphone arrays are

also used for hearing support system with the ability

of emphasizing the target sound and depressing un-

desired ones [12]. In [13], a pair of linear placed mi-

crophone arrays (Kinect) are used together for sound

source localization. Note that all above works using

multiple microphone arrays are calibrated manually.

There are few works focus on the calibration of mul-

tiple microphone arrays [14].

In this paper, we propose a auto-calibration frame-

work works with different type of sensors simultane-

ously including RGB-D sensors and microphone ar-
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rays. We used a factor graph to describe the cali-

bration process. GNN is employed for the parameter

inference.

2 Background

In this section, we briefly introduce 3D rotation and

translation on Special Euclidian group SE(3), factor

graph and Graph Neural network.

2.1 3D rotation & translation

A transformation in a 3D space is usually described

as:

T =

(
R3×3 t3×1

01×3 1

)
with the top left matrix R ∈ R3×3 is a rotation ma-

trix with 3 degrees of freedom, the top right vector

t ∈ R3×1 is a translation vector. The set of rotation

matrixRs form a 3D Spatial Orthogonal group SO(3)

with group product the standard matrix product.

SO(3) =
{
R ∈ R3×3|RR⊤ = I|det(R) = 1

}
Most gradient-based optimization algorithms such

as gradient descent, Gauss-Newton and Levenberg-

Marquart are designed to work on Euclidian space

but not on a SO(3) since addition is not defined on

this manifold. The associated Lie algebra so(3) of

group SO(3) is used instead of the matrix form R for

calibrating the Jacobians on SO(3) manifold. Follow-

ing exponential and logarithm functions are used as

so(3) 7→ SO(3) mapping function and its inverse.

R = exp(ξ∧) = I +
sin |ξ|
|ξ|

ξ∧ +
1− cos |ξ|

|ξ|2
(ξ∧)2

ξ = log(R) = (
θ

2 sin(θ)
(R−R⊤))∨

θ = arccos((tr(R)− 1)/2)

where R ∈ SO(3), ξ ∈ so(3), | · | is the length of

a vector, ∧ indicates conversion from vector to skew

symmetric matrix, and vice versa.

a∧ =

a1a2
a3


∧

=

 0 −a3 a2
a3 0 −a1
−a2 a1 0

 = A

A∨ = a

In order to avoid complex calculation of Jacobian,

derivative of so(3) could be used as an approximation

in many on-manifold optimization algorithms. Give

a rotation R = exp(ψ∧) and an initial position p,

the derivative with respect to the increment ∆R =

exp(ϕ∧) can be written as:

∂Rp

∂ϕ
= lim

ϕ→0

exp(ϕ∧) exp(ψ∧)p− exp(ψ∧)p

ϕ

≈ (I + ϕ∧) exp(ψ∧)p− exp(ψ∧)p

ϕ
= −(Rp∧)

On the basis of SO(3), Special Euclidian group

SE(3) and associated Lie algebra se(3) are defined

similarly:

SE(3) =

{
T =

[
R t

0⊤ 1

]
∈ R4×4|R ∈ SO(3), t ∈ R3

}

The exponential, logarithm and pseudo-derivative on

se(3) can be derived accordingly.

In this work, we use a c++ implementation named

Sophus 1 for Lie algebra computation.

2.2 Calibration factor graph

In a real world problem, we cannot observe a true

position of calibration objects with sensors due to

measurement uncertainty. Instead, a probabilistic rep-

resentation can be inferred from observed noisy data.

Factor graph is a convenient graphical language for

modeling such an inference problem. Assume we have

two sensors s = (s1, s2) make measurements for a

moving object x = (x1, x2, x3). The observations are

described as z = (z12, · · · , z23). Fig. 1 shows the

factor graph for this sensor calibration problem.

図 1: A factor graph for sensor calibration.

Fig. 1 defines a factor graph F = (U ,V, E) where

circles V describe variables, squares U describe fac-

tors and edges E are always between variables and

factors. Like Bayesian networks, factor graph can de-

scribe joint probability as a product of factors. For

1https://github.com/strasdat/Sophus
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the example in Fig. 1, the conditional probability

p(x, s|z) can be written as:

p(x, s|z) ∝p(x1)p(x2|x1)p(x3|x2)
× p(s1)p(s2)

× l(s1, x1; z11)l(s1, x2; z12) · · · l(s2, x3; z23)

where l(si, xj ; zij) is the pseudo-likelihood factor of

si and xj given observation zij . Note that in this

equation, p and l are denoted as those in Bayesian

networks, but in factor graph, they are not necessar-

ily probability distributions and can be replaced with

other more generalized function f .

2.3 Graph neural network

Graph Neural Network (GNN) is a class of neu-

ral networks that process graph-structured data. Re-

cently, it shows high ability in relation inference [15]

and multi-agent interacting system [16, 17]. In [18],

GNNs have been considered as performing local mes-

sage passing on pairwise graphs. They generalized

GNN to a Message Passing Neural Network (MPNN)

architecture. In a graph G = (V, E) with v ∈ V denote

vertices and e ∈ E denote edges two adjacent vertices,

the message pass operations in MPNN are defined as

following:

v → e : hl
i,j = NNl

v2e([h
l
i,h

l
j ,xi,j ])

e→ v : hl+1
j = NNl

e2v([
∑
i∈Nj

hl
i,j ,xj ])

where v → e and e → v denote vertex to edge and

edge to vertex message passing, hl
i,j and hl

i are the

embeddings (i.e. hidden layer) of edge ei,j and vertex

vi in layer l respectively, xi,j and xi are features for

edge ei,j and vi in the initial layer, NN([·]) is a full

connected neural network takes [·] as input, [·, ·] de-
notes concatenate of vectors. Nj denotes the set of all

adjacent vertices of vertex vj . These operations allow

message passing between vertices and edges multiple

rounds (depends on the depth of the neural network).

Fig. 2 depicts these message passing neural networks.

3 Proposed method

In this work, we use human head positions as cal-

ibration objects to estimate position and orientation

図 2: Vertex to edge and edge to vertex message pass-

ing.

of two Intel RealSense2 cameras and one 16-channel

microphone array. For cameras, head positions are

extracted by OpenPose [19] and depth from RGB-D

sensor. For microphone array, sound direction is cal-

culated every 100ms.

One of our purpose in this work is to achieve on-

line calibration need not human intervention. The

calibration algorithm will run in the background and

update the estimation of sensors continuously. That

means the algorithm has to deal with the situation

that multiple heads detected simultaneously. To this

end, we first use a graph auto-encoder to perform un-

supervised human identification, and then optimize

the calibration factor graph on se(3) manifold and es-

timate sensors’ 3D position and orientation.

3.1 Human tracking in discontinuous

periods

As shown in the extremely simplified Fig. 1, sensor

id i and object id j are needed for each measurement

zi,j to construct a proper factor graph. When there

are multiple human observed simultaneously, we need

to identify them before performing factor graph in-

ference. In a continuous time period, this can eas-

ily achieved by a tracking system like Kalman filter.

However, microphone array is not able to detect the

direction of human all the times if he/she is not keep

voicing. Consequently, a collection of audible time

periods are used to perform graph inference. It is

difficult to carry out human identification in discon-

tinuous time periods. Fig. 3 shows a collection of

sensor snapshots.

In Fig. 3, circles x and y denote two human de-

tected simultaneously by sensors. Since we do not

2https://www.intelrealsense.com
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図 3: A complete graph that illustrate three snapshots

of two people observed by two sensors.

have enough information about sensors, human are

detected by each sensor independently. A complete

graph (i.e. each pair of vertices is connected by an

edge) is used as start point. However, some of the

edges should not actually exist which we want to elim-

inate during the network training process.

A Variational Graph Auto-Encoder (VGAE) [20] is

used for edges elimination. VGAE applies the idea

of variational auto-encoder to graph structured data.

The input of VGAE is a set of snapshots from each

sensor. Sensor positions and orientations are ran-

domly initiated. The measurements are converted to

world coordinate using these randomly generated pa-

rameters. Fig. 4 shows the architecture of VGAE we

used.

図 4: A variational graph auto-encoder used for edge

elimination.

The target of encoder is to predict hidden distri-

bution p(z|x) which is a discrete distribution with

three states: non-existent, hard connected and loosely

connected. The hard connected state indicates same

object observed by different sensor, while the loosely

connected state indicates objects share similar fea-

tures (e.g. two human moved in same velocity side by

side). In the decoder, the output of the first v → e

neural network was multiplied by a sample extracted

from p(z|x) and then used as the input of next e→ v

network. The decoder was trained to predict next

snapshot on the timeline. The training process of

VGAE is unsupervised as of a traditional VAE.

3.2 On-manifold 3D-2D calibration

Once a consistent human ID has been estimated, we

can minimize the reprojected position error of same

ID to calibrate sensors. Give RGB-D camera’s pose,

reprojected head position in world coordinate can be

calculated easily:

xworld
i

yworld
i

zworld
i

 = exp(ξ∧j )


xlocali

ylocali

zlocali

1


with i and j are human ID and camera ID respectively,

ξj is camera j’s pose in se(3). The last dimension in

the right hand side is omitted.

Assume that we use first RGB-D camera’s coor-

dinate as world coordinate, the pose of the second

camera ξ2 can be estimated by minimize:

ξ̂2 = argmin
ξ2

1

2

∑
i

∥∥∥x1
i − exp(ξ∧2 )x

2
i

∥∥∥2
where x1

i is the head i’s position in camera 1’s co-

ordinate (world coordinate), x2
i is the same head in

camera 2’s local coordinate.

Regarding the microphone array, since it only de-

tect the direction of sound source with azimuth an-

gle θ1 and elevation angle θ2, the optimization has to

be performed in 2D. The cost function is the same

one as in camera-camera calibration except we picked

the second and third dimension as optimization target

since it can be written as tan(θ1) and tan(θ2).

3.3 Experimental results

In order to test the proposed calibration algorithm,

we modified an open dataset used in [21]. A Gaussian

noise with standard deviation of 15cm was added into

every camera measurements. Target angles to a ran-

domly chosen microphone array position are also gen-

erated with 0 mean 2 standard deviation Gaussian

noise. First, 5 sets of measurements with 100 time

steps are used to test the VGAE. The training pro-

cess started with fully connected graph. Experimen-

tal results show that the VGAE was able to eliminate

98.3% non-existent connections between different IDs.

For the optimization on se(3), we used Ceres Solver3

to achieved a mean error of 22mm for RealSense and

57mm for microphone array.

3http://ceres-solver.org
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4 Conclusion

In this paper, we proposed a sensor calibration frame-

work that can automatically calibrate different type

of sensors without any human intervention. It uses

detected human head positions as calibration objects.

The framework chooses suitable snapshot and con-

catenate them as time-discontinuous trunk of mea-

surements used for calibration process. The human ID

is predicted with a Variational Graph Auto-Encoder

in an unsupervised manner. After corresponding hu-

man ID has been estimated, an optimization process

is performed on Special Euclidian group with the as-

sociated Lie algebra se(3). The experiment results

on synthesized data with additional noise show that

the proposed framework can predict human IDs with

100% accuracy and accurately estimate sensor posi-

tions and orientations simultaneously.
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