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Abstract— The extrinsic parameters play a crucial role in
multi-sensor fusion, such as visual-inertial Simultaneous Lo-
calization and Mapping(SLAM), as they enable the accurate
alignment and integration of measurements from different sen-
sors. However, extrinsic calibration is challenging in scenarios,
such as underwater, where in-view structures are scanty and
visibility is limited, causing incorrect extrinsic calibration due to
insufficient motion on all degrees of freedom. In this paper, we
propose an entropy-based active extrinsic calibration algorithm
leverages observability analysis and information entropy to
enhance the accuracy and reliability of extrinsic calibration.
It determines the system observability numerically by using
singular value decomposition (SVD) of the Fisher Information
Matrix (FIM). Furthermore, when the extrinsic parameter is
not fully observable, our method actively searches for the next
best motion to recover the system’s observability via entropy-
based optimization. Experimental results on synthetic data, in a
simulation, and using an actual underwater vehicle verify that
the proposed method is able to avoid the calibration failure
while improving the calibration accuracy and reliability.

I. INTRODUCTION

Extrinsic parameters are crucial for multi-sensor fusion
and Simultaneous Localisation and Mapping (SLAM). How-
ever, calibrating these parameters can be challenging because
the non-linearity of the extrinsic transformation, particularly
the 3D rotation, can make the optimization problem difficult
to converge without a sufficient amount of motion to fully
excite all axes. Unfortunately, some scenarios and robot
platforms may have confined motion patterns. For instance,
the extrinsic calibration involving visual sensors on an under-
water vehicle requires the presence of underwater structures
in the camera, even suffering from limited visibility. There-
fore, it is helpful to identify the motions which degenerate
the calibration process and, ideally, also determine the best
movement to ensure a good calibration.

Most existing works on extrinsic calibration focus on
analyzing the observability of the calibration process. For
example, a full observability analysis of a visual-inertial cali-
bration system is studied in [1], showing that at least two-axis
rotation and two-axis acceleration of an Inertial Measurement
Unit (IMU) is required to calibrate the transformation be-
tween a camera and an IMU. However, how the sensor suite
moves during the calibration process is very much based on
the one who carries out the task. Therefore, it is common
for extrinsic calibration to fail to converge to sensible values
without some special care. Limited operational requirements
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SLAM Trajectory

Odometry Trajectory

(a) Transformed trajectory by us-
ing [2]

SLAM Trajectory

Odometry Trajectory

(b) Transformed trajectory by us-
ing active calibration

Fig. 1. Transformed trajectory comparison between [2] and active acli-
bration. We transform the SLAM Trajectory of [2] from the camera frame
to the odometry frame by using extrinsic parameters. Less misalignment
on trajectories means the extrinsic parameter is more accurate. Both results
were tested in our wave tank with the BlueRov2 vehicle.

may cause insufficient motion. For example, for calibration
using a camera, it should always keep facing rich-texture
regions to ensure reliable pose estimates. Additionally, even
if we can find out that a motion may cause unobservability,
we still need a strategy to produce motions that can benefit
the calibration.

Choosing informative motion segments from all measure-
ments or trying to lock the unobservable direction in the
parameter space when systems do not have full observ-
ability are promising for extrinsic calibration problems [3],
[4]. These methods refuse redundant information or lock
some parameters to avoid converging to incorrect calibration
parameters during optimization. However, they still mainly
rely on data passively received without coupling the motion
planning in the extrinsic calibration process.

In this paper, we propose an observability-aware entropy-
based active extrinsic calibration that actively searches for the
next optimal pose to calibrate the extrinsic parameter. The
algorithm first determines the observability of the extrinsic
calibration optimization problem by parsing Fisher Informa-
tion Matrix (FIM). When the calibration parameter is not
fully observable, a novel entropy-base optimization method
is designed to actively search for the next poses, which a
robot can navigate to for reliable calibration. Figure 1 is a
comparison between our active calibration and calibration
method of [2] with careful manual data selection to cover
different motion pattern. We use the calibrated parameter to
transform the SLAM trajectory from the camera frame to
the odometry frame. It is clear that the active calibration
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result has less misalignment, especially near the end of the
trajectory, which means the active calibration result is more
accurate.

Our main contributions are:
• An entropy-based active method to optimally search for

the best next move, which can recover observability of
parameters, facilitating convergence and reliability of
extrinsic calibration.

• Our proposed method is substantiated by a comprehen-
sive set of experimental results, including evaluations
with synthetic data, simulations, and validation using
a real-world underwater vehicle. These results demon-
strate the effectiveness of our approach in enhancing the
convergence and precision of extrinsic calibration.

II. RELATED WORKS

Extrinsic calibration is a crucial problem for multi-sensor
fusion. Most extrinsic calibration methods are under the state
estimation framework and can be mainly divided into two
categories: filter-based methods and non-linear optimization-
based methods. The filter-based methods normally have
fewer requirements for computation and are closely related
to filter-based robot localization and SLAM. Therefore, it is
widely used on mobile robots; for example, [5] proposes an
automatic calibration method for vision and bearing sensors
based on Extended Kalman Filter (EKF). [1] proposes an
unscented Kalman filter(UKF) based self-calibration method
for a visual-inertial system and provides an observability
analysis that proves the IMU bias and extrinsic parameters
are observable under specific conditions. [6] proposes an
EKF-based calibration method for camera and IMU ac-
counting for time correction of IMU measurements. On the
other hand, non-linear optimization-based methods require
more computation yet tend to achieve better accuracy. [7]
calibrates both the intrinsic and extrinsic parameters of a
camera and odometry by using Bundle Adjustment (BA).
Some works [8], [2] also integrate the calibration problem
into graph SLAM systems.

The optimization of the extrinsic calibration can be chal-
lenging due to the nonlinearity of the 6 Degree-of-Freedom
(DoF) transformation. The choice of calibration data that
represents the sensor motion is of importance to obtain a
good set of calibration parameters. [9] points out that data
sequence may cause degeneration according to observability
analysis. [3] uses information theory to detect redundant
segments in a dataset and uses an entropy-based method to
select informative segments from the dataset for calibration.
[4] proposes to detect and lock unobservable directions dur-
ing updating states by using rank-revealing QR and singular
value decomposition of the FIM. However, all these methods
focus on using the given data passively to calibrate the
extrinsic parameters. In contrast, the method proposed in this
paper focuses on how to actively capture data which likely
benefits the calibration.

Some of our ideas are also related to the field of Active
SLAM. Compared with the classic SLAM approaches, which
localize robots and build maps using data received, active

SLAM considers the following action, which can be benefi-
cial for reconstruction quality and localization accuracy [10],
[11], [12]. For instance, [13] formulates this problem using
information entropy, maximizing the information gain (IG),
which normally consists of two parts: One is from the map,
and the other is from the robot poses. Our work is inspired by
information entropy-based active SLAM. However, we not
only focus on the fundamental extrinsic calibration problem
but also analyze its observability.

III. PROPOSED METHOD

A. Problem Formulation

1) State Definition: The extrinsic calibration system aims
to estimate the extrinsic parameters, i.e., 6-DoF transforma-
tion bTc, between the sensor frame Fb and the other sensor
frame Fc:

bTc =

[
bRc

btb c
0 1

]
where bRc is the rotation matrix in the Special Orthogonal
Group SO(3) and btb c ∈R3 is the translation from Fb to Fc
in Fb. The state vector to estimate is then defined as

X = [Log(bRc),
b tb c]

T

where Log() is the logarithmic function to map a quantity
from SO(3) to Lie algebra so(3).

2) Sensor Measurements: Assume two trajectories are
estimated in the sensor frame Fb and Fc using their measure-
ments, respectively. They can be individually represented as
a set of relative transformations:

Sc
.
= {ciTc j}i, j∈K and Sb

.
= {biTb j}i, j∈K

where K is the set of timestamps, and biTb j and ciTc j

are transformation matrices representing the relative motion
from time i to j, respectively. Therefore, the following
transformation can be established

biTb j =
b Tc

ciTc j
bTc

−1
(1)

3) Non-Linear Optimization of Extrinsic Calibration:
Given multiple measurements with Gaussian noises, we
can use non-linear optimization to solve the calibration
problem. According to (1), the transformation can be split
into rotational and translational parts, defining rotational and
translational residual terms respectively as

ΦR(bRc) = Log(biR−1
b j

bRc
ciRc j

bR−1
c )

ft(bRc,
b tb c) =−biR−1

b j
bitbi b j +

biR−1
b j

btb c

+bi R−1
b j

bRc
c0tci c j −

bi R−1
b j

bRc
ciRc j

bR−1
c

btb c

(2)

Since the rotation residual term ΦR(bRc) solely depends on
the rotation, for sensors that only provide rotational mea-
surements, the translation parameters cannot be calibrated.
In contrast, the translation residual, which links both the
rotation and translation, can help calibrate the full 6-DoF
parameters.
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Now, we can formulate the extrinsic calibration as non-
linear optimisation problems:

argmin
bRc

∑
K
||ΦR(bRc)||2Σ and argmin

bRc,btb c

∑
K
|| ft(bRc,

btb c)||2Σ

For sensors providing 6-DoF estimates, e.g., IMUs or cam-
eras, the two residual terms can be combined. However,
for a sensor that only measures rotation or translation, e.g.,
a gyroscope or a Doppler Velocity Log (DVL), only one
residual term can be established. To cover different sensor
configurations, the rotational and translational residuals are
defined separately in this paper.

The Gaussian-Newton method can now be used to solve
the optimisation problems iteratively. Specifically, the first-
order Taylor approximation of (2) is

ΦR(bRc)≈ ΦR(bRc)+JR∆ϕ

ft(bRc,
btb c)≈ ft(bRc,

btb c)+Jt∆X

where ∆ϕ is the rotation increment in so(3), and JR is the
Jacobin matrix of ΦR():

JR =
∂ΦR(bRc)

∂∆ϕ
= biR−1

b j
bRc(I− ciRc j) (3)

Also ∆X is the increment of the full state X , and Jt is
the Jacobin matrix of the translational residual w.r.t. the full
state X as

Jt =
[

∂ ft(bRc,
btb c)

∂∆ϕ
∂ ft(bRc,

btb c)

∂ btb c

]
=
[

dΩt(
bRc)

d∆ϕ
dΨt(

btb c)

dbtb c

]
(4)

where ∂ ft(bRc,
btb c)

∂∆ϕ
is the Jacobin of translation residual

w.r.t. to the rotation it can be written as:
dΩt(

bRc)

d∆ϕ
=−biR−1

b j
bRc

cit∧ci c j −bi R−1
b j

bRc [c1Rc2
bR−1

c
btb c]

∧

−bi R−1
b j

bRc
c1Rc2 [bR−1

c
btb c]

∧

where (·)∧ denotes the skew-symmetric matrix operator.
dΨt(

btb c)

dbtb c
is the Jacobin of translation residual w.r.t. trans-

lation and it can be calculated as:
dΨt(

btb c)

d∆t
= biR−1

b j
− biR−1

b j
bRc

ciRc j
bR−1

c

Because of the page limit, we directly give the closed-form
of these Jacobin matrices.[14]

For the rotation residual, its Fisher Information Matrix
(FIM) is

IR(bRc) = JT
RΣ

−1JR (5)

where Σ−1 is the inverse of the covariance matrix. Similarly,
the FIM of the translation residual is

It(bRc,
btb c) = JT

t Σ
−1Jt (6)

A necessary condition for the Gaussian-Newton method to
solve the problem properly is the FIM must be a positive-
definite matrix. However, it can be positive-semi-definite
due to insufficient motion experienced. A positive-semi-
definite or ill-conditioned FIM often causes the optimization
converges to incorrect values, failing to solve the problem.
Therefore, we propose to solve this by actively planning the
next poses, shaping a positive-semi-definite or ill-conditioned
FIM into a positive-definite or well-conditioned FIM.

B. Observability Determination
The observability is determined by the rank of the FIM

defined by (5) and (6). When the FIM is full rank, the
system is observable.[15] Otherwise, it is unobservable,
which means the parameters cannot be well constrained,
causing calibration errors. Since it is known Σ−1 is a positive-
definite matrix, according to [16] we have

rank(JT
RΣ

−1JR) = rank(JT
RJR) = rank(JR)

rank(JT
t Σ

−1Jt) = rank(JT
t Jt) = rank(Jt)

So the observability depends on the ranks of JR and Jt

in (3) and (4) which can be numerically calculated by
Singular-Value-Decomposition (SVD). However, we decom-
pose JT

RJR and JT
t Jt instead. This is because the row num-

bers of JR and Jt increase along with more measurements,
but JT

RJR and JT
t Jt have fixed sizes which are 3× 3 and

6×6, respectively. Now we have:

SVD(JT
RJR) =UR Diag([σR1,σR2,σR3]

T ) VR

where Diag() converts a vector to a diagonal matrix, and
σR1 ≥ σR2 ≥ σR3. Theoretically, when a singular value
exists, its corresponding direction becomes unobservable.

For the translation residual, we have a similar SVD as

SVD(JT
t Jt) =Ut Diag([σt1,σt2,σt3,σt4,σt5,σt6]

T Vt

where σt1 ≥ σt2 ≥ σt3 ≥ σt4 ≥ σt5 ≥ σt6.

C. Entropy-Based Active Optimization (EBAO)
The observability determination algorithm can indicate

whether the parameters are observable. When they are unob-
servable, we propose a strategy to recover the observability
by actively planning the next motion that maximizes the
entropy reduction, aka the Information Gain (IG).

1) Optimal Next Pose Maximising IG: The Information
Entropy (IE) is defined as H(X) = −

∫
X p(x)logp(x)dx. If

X ∼ND(µ,Σ) as a multi-variate Gaussian, accoridng to [17]
its IE can be formulated as

H(X) =
1
2

log((2πe)D|Σ|)

Since we assume the extrinsic parameters are random vari-
ables following Gaussian distribution. Then we can re-
cover the covariance matrices from the FIM IR(bRc) and
It(bRc,

btb c).
a) Rotation Residual: Considering (5), the entropy of

the rotation parameter is

H(bRc|Sc,Sb) =−1
2

log((2πe)D)− 1
2

log(|JT
RΣ

−1JR|)

Once new measurements ciT n
c j

and biT n
b j

for the next times-
tamp is added to Sc and Sb, new rows will be appended in
JR to form Jn

R. Therefore, the entropy is updated as

H(bRc|Sc,Sb,
c0T n

ci
, b0T n

bi
) =−1

2
log((2πe)D)− 1

2
log(|Jn

R
T

Σ
−1Jn

R|)

Based on these, we formulate the problem to compute next
optimal poses c0T n

ci
and b0T n

bi
which maximise the IG through

argmax
b0T n

bi

H(bRc|Sc,Sb)−H(bRc|Sc,Sb,
c0T n

ci
,b0T n

bi
) (7)
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Note that only b0T n
bi

is derived since c0T n
ci

can be calculated
from b0T n

bi
using the initial extrinsic parameters. (7) can be

further simplified as

H(bRc|Sc,Sb)−H(bRc|Sc,Sb,
c0T n

ci
,b0T n

bi
)

=
1
2

log
|Jn

R
T

Σ−1Jn
R|

|JT
RΣ−1JR|

=
1
2

log
|In
R(bRc)|

|IR(bRc)|

Since IR(bRc) is the initial FIM which is determined by the
initial value, it is considered a constant here. Thus, (7) equals

argmin
b0T n

bi

log
1

|In
R(bRc)| (8)

where |In
R(bRc)| = σR1σR2σR3 as the determinant of the

FIM. To avoid a negative residual and unstable numerical
issues, the residual of (8) is refined as following with an
auxiliary α = 2 considering |In

R(bRc)| ≥ 0:

fIE R(b0T n
bi
) =

1
log(α + |In

R(bRc)|)
b) Translation Residual: Similarly, for the translation,

we can derive the below residual using (6)

fIE t(
b0T n

bi
) =

1
log(α + |In

t (
bRc, btb c)|)

2) Normalized-Singular-Value Entropy: The IE residual
maximizes the IG and reduces the IE with new pose measure-
ments added, especially for the cases where the FIM is nearly
rank-deficient. However, the FIM might be ill-conditioned,
even though it is full rank. Hence, we proposed Normalized-
Singular-Value Entropy (NSVE) to measure the singularity of
the FIM.

For the rotation residual, its NSVE is defined as

HNSV(IR(bRc)) =−∑
i

σRi

norm(σR)
log(

σRi

norm(σR)
)

where σRi = [σR1,σR2,σR3]
T . σRi

norm(σR) is each normalized
singular value which range from 0 to 1. Similar to the
concept of entropy of discrete random variables, NSVE
describes the chaos of the singular value distribution. In order
to avoid ill-conditioned FIM, NSVE should be as high as
possible.

We can reformulate this problem as non-linear optimiza-
tion, and the residual is defined as

fNSVE R(b0T n
bi
) =

1
HNSV(In

R(bRc))

Similarly, the NSVE residual for the translation is

fNSVE t(
b0T n

bi
) =

1
HNSV(In

t (
bRc, btb c))

3) Non-Linear Optimisation: The IG residuals and NSVE
residuals are formulated as a joint non-linear optimization
to find the motion which optimally increases the IG while
avoiding rank-deficient or ill-condition of the FIM:

argmin
b0T n

bi

|| fIE R(b0T n
bi
)||2 + || fIE t(

b0T n
bi
)||2

+ || fNSVE R(b0T n
bi
)||2 + || fNSVE t(

b0T n
bi
)||2
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Fig. 2. Normalized Singular Values and NSVE on two sequences

IV. EXPERIMENTAL RESULTS

We validate the proposed method for multi-sensor extrinsic
calibration on synthetic data, in a simulation, and on a real
underwater vehicle. Since it is often impossible to obtain
ground truth extrinsic parameters in the real world, we use
synthetic data and simulation for quantitative evaluation.

A. Experiments on Synthetic Data

1) IE, NSVE and Calibration Errors: Using the proposed
method, we first evaluate how the IE, NSVE, and calibration
errors evolve. We generate three types of sequences to
simulate various settings: 1) Pure rotation whose initial poses
only have rotation. 2) Pure translation whose initial poses
only have the translation. 3) Rotation-and-translation whose
initial poses have full 6-DoF transformation. Each sequence
has two initial poses plus ten additional pose measurements
searched using the proposed active calibration method. All
the poses are corrupt with random Gaussian noises. Table
I shows the results before and after the proposed active
calibration. It is clear that the sequences with high IE and low
NSVE, which indicate the rank-deficiency or ill-conditioned
FIMs hindering the optimization converge, often suffer from
significant calibration errors. After the active calibration, a
considerable reduction in IE and an increase in NSVE are
achieved, while the calibration errors considerably decrease.

The Normalized Singular Values and NSVE of pure x-
translation sequence (t x) is shown in Figure 2(a). We can
see the rank of its FIM is initially only 2 (four singular
values are zero) due to its insufficient motion. Its singular
values are also distributed apart, producing low NSVE (0.49).
After the active calibration, the FIM becomes full-rank, with
its singular values being more evenly distributed (NSVE
increased to 2.05). Therefore, the calibration errors decrease
significantly as shown in Table I. On the other hand, Figure
2(b) shows the initial FIM of the rotation-and-translation
sequence (R&t) has full-rank six, and its singular values
are already evenly distributed thanks to its sufficient 6-DoF
motion. In this case, its NSVE can still have obvious increase
which results in a more flat eigenvalue distribution, and the
calibration errors reduce slightly.

2) Comparison with Random Motion: The results of ten
repeated experiments comparing our method with random
motion are given in Figure 3. The two methods share the
same initial sets of pose measurements, but the random
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TABLE I: IE, NSVE AND CALIBRATION ERRORS BEFORE AND AFTER THE PROPOSED EBAO

Rotation Residual Translation Residual

Seq. IE↓ NSVE↑ Rot Error
(Radian)↓ IE↓ NSVE↑ Rot Error

(Radian)↓
Trans Error

(Meter)↓
Before After Before After Before After Before After Before After Before After Before After

Pure
R

R x -0.74 -7.99 0.51 0.93 1.55 0.04 -0.69 -16.84 0.61 1.64 1.34 0.0001 1.4 0.0001
R xy -0.72 -6.14 0.65 0.95 0.29 0.0006 -0.69 -9.12 1.33 1.64 0.83 0.0002 0.23 0.0002
R xyz -2.73 -6.65 0.8 0.92 0.17 0.02 -0.72 -16.06 1.41 1.99 0.67 0.0001 0.46 0.0001

Pure
t

t x -0.69 -9.93 N/A 0.94 0.78 0.0003 -0.69 -18.91 0.49 2.05 1.98 0.0001 3 9.00E-05
t xy -0.69 -8.94 N/A 0.95 0.78 0.02 -0.69 -13.24 0.89 2.03 0.002 0.002 1.37 0.01
t xyz -0.69 -10.15 N/A 0.90 0.78 0.001 -0.69 -18.04 0.81 1.98 0.001 0.0001 1.37 0.0001

R&t -0.70 -9.43 0.80 0.95 0.06 0.002 -0.69 -13.02 1.5 2.00 0.0001 6.38e-5 0.0001 0.0001
IE: the smaller, the better. NSVE: the bigger, the better. Rotation and Translation Errors: the smaller, the better. In the experiment sention, we used

−Log(2+ IR(bRc))) and −Log(2+ In
t(

bRc,
btb c)) instead of the origial definition of information entropy to avoid infinite numerical issue.

(a) Calibration using Rotation Residual

(b) Calibration using Rotation and Translation Residuals

Fig. 3. Ten repeated experiments comparing random motion and the
proposed active method. Error bars denote max and min values of ten runs.

method samples the next ten poses randomly from a Gaussian
distribution (variance on translation and rotation are 1 meter
and π

2 radian, respectively). While our method calculates
the next ten poses using the proposed EBAO. We can see
from the figure that both methods can reduce the IE, while
the NSVE of our method is higher eventually. Meanwhile,
the proposed active calibration algorithm achieves lower
and more stable rotation, and translation calibration errors,
especially its max-min errors of ten runs are smaller.

B. Experiments in Simulation

Because of the challenges of extrinsic calibration in under-
water scenarios, as motivated in the Introduction, we evaluate
the proposed method for underwater vehicles in simulation.

1) Simulation Environment and Setup: The Unmanned
Underwater Vehicle (UUV) Simulator [18] is used to perform

onboard sensor calibration of the RexROV2 underwater
vehicle. Thanks to the autopilot already integrated in the
RexROV2 package, a 6-DoF pose can be used as a way-
point for navigating the vehicle. We use pose measurements
estimated in its camera frame and IMU frame for extrinsic
calibration.

2) Comparison with Manual Control: The calibration sys-
tem is initialized with two pose measurements, similar to the
previous experiments using synthetic data. Then the proposed
active calibration algorithm is employed to compute the next
pose as a waypoint for the autopilot to control the vehicle.
Once the vehicle arrives at the waypoint, its pose is used
immediately to perform the extrinsic calibration as a new
measurement before using the active calibration algorithm
to derive another new pose. This process then repeats until
five new pose measurements are added in. For comparison,
we also generate five waypoints via random manual control
using a joystick. The calibration results of the two methods
are shown in Figure 4. It can be seen that the IE of the manual
control does not change much due to the limited roll and
pitch motion that the manual control cannot achieve, even
though we tried to push as much different motion patterns as
possible. It is obvious the calibration errors of the proposed
active method are much lower than the manual control.

C. Experiments on a Real Underwater Vehicle

Based on the simulation results, we further validate the
proposed active method on a real underwater vehicle in a tank
environment, as shown in Figure 5. A BlueROV2 underwater
vehicle which is equipped with a custom sensor payload
consisting of a stereo camera, DVL, and IMU, is used for this
experiment. It has an autopilot framework to follow given
waypoints [19]. To execute the extrinsic calibration between
the camera frame and the inertial frame, we need to ensure
that the vision system is able to estimate accurate 6-DoF
poses. An underwater visual, acoustic SLAM method [20],
[2] is used for this experiment. The poses in the inertial
frame are estimated by fusing the DVL, a Gyroscope, and a
depth sensor. The extrinsic calibration is initialized as an
identity matrix. Similar to the simulation experiment, the
proposed active calibration method searches for the optimal
next pose, which is taken as a waypoint by the autopilot
for navigation. Since at least part of underwater structures
needs to be in the camera’s view to keep visual tracking,
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Fig. 4. Comparison between manual control and our active method on
calibrating camera-IMU sensor suite in UUV simulator.

X Y
Z

camera frame

X

Y
Z

inertial frame

(a) BlueROV with sensor frames

BlueROV

Underwater 
Structure

(b) Tank with underwater structures

Fig. 5. BlueROV robot platform and tank used for real experiments.

the waypoint’s orientation is refined by ray casting with the
structures with a sampling method. The sampling method
would sample uniformly around the given waypoint and filter
out the orientation that does not have a map in the view of
the camera, then chose the orientation sample with the lowest
error cost as the next way point.

The three runs of the calibration results are shown in Fig-
ure 6. We can see the calibration converges fast, mainly in the
first 4-5 measurements, and all three runs converge to similar
extrinsic parameters, which are close to the hand-measured
values, in 12 measurements. This experiment verifies that the
proposed active method is effective for practicing extrinsic
calibration.

V. CONCLUSIONS

In this paper, we propose a novel observability-aware
entropy-based active calibration method. The SVD-based
observability detection method first detects the observability
of the parameter with a given data sequence by parsing the
Fisher Information matrix. Once the parameter is detected
as unobservable, the entropy-based active optimization will
search for the next waypoint by maximizing the information
gain and normalized singular value entropy while recovering

(a) x of Rotation (b) x of Translation

(c) y of Rotation (d) y of Translation

(e) z of Rotation (f) z of Translation

Fig. 6. Extrinsic calibration results on a real underwater vehicle. Our
experimental results demonstrate that the calibration outcomes from three
distinct sequences all converged to the manually measured result.

the parameter’s observability. The synthetic, simulation, and
real world tank experiments demonstrated the effective of
our algorithm.

Currently, the initial value affects the result a lot. In
addition, the information gain and normalized singular value
entropy maximization residual is a non-convex function that
also is affected by the initial value and might converge
to a local minimum. We have further interest in how to
find the global minimum for any arbitrary given initial
value. In addition, the current algorithm mainly considers
searching the motion benefits the calibration in the whole
SE(3) space. We are also interested in how to find the
solution in a subspace given specific motion constrain. And
another interesting further work is to integrate the algorithm
into a SLAM framework so we can consider reducing the
uncertainty of map, pose estimation, and extrinsic parameters
simultaneously.
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