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Abstract—We present a method for the unattended gray-box
identification of sensor models commonly used by localization algo-
rithms in the field of robotics. The objective is to determine the most
likely sensor model for a time series of unknown measurement data,
given an extendable catalog of predefined sensor models. Sensor
model definitions may require states for rigid-body calibrations
and dedicated reference frames to replicate a measurement based
on the robot’s localization state. A health metric is introduced,
which verifies the outcome of the selection process in order to detect
false positives and facilitate reliable decision-making. In the second
stage, an initial guess for identified calibration states is generated,
and the necessity of sensor world reference frames is evaluated.
The identified sensor model with its parameter information is then
used to parameterize and initialize a state estimation application,
thus ensuring a more accurate and robust integration of new
sensor elements. This method is helpful for inexperienced users
who want to identify the source and type of a measurement, sensor
calibrations, or sensor reference frames. It will also be important in
the field of modular multiagent scenarios and modularized robotic
platforms that are augmented by sensor modalities during runtime.
Overall, this work aims to provide a simplified integration of sensor
modalities to downstream applications and circumvent common
pitfalls in the usage and development of localization approaches.

Index Terms—Automated sensor integration, autonomous
navigation, modularity, sensor fusion, state-estimation.

I. INTRODUCTION

ACCURATE and robust localization is a crucial prerequisite
for any application of autonomous robotics. Without ac-

curate localization information, the generation of control inputs
will not be possible. Localization algorithms in research and
consumer products heavily rely on a number of sensor types
to infer the most accurate position and orientation possible.
In addition to position and orientation, state-of-the-art robot
localization approaches such as extended Kalman filters (EKFs)
can also estimate additional states such as sensor calibrations
(e.g., bias offsets or extrinsic calibration parameters) online. For
this reason, essential core states (position, velocity, orientation,
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Fig. 1. Generalized setup of transformations to express various sensor modal-
ities such as vectors for the magnetic field or the velocity and transformations
for 3-DoF and 6-DoF sensor measurements and calibrations. This work aims to
process a gray-box sensor signal together with a reliable system state to identify
a corresponding sensor model and its properties.

etc.) and sensor calibration statesx are incorporated in the sensor
model h(x) and the Jacobian for sensor measurement updates
H(x) = ∂h(x)

∂x .
Fig. 1 shows the essential configuration of the sensor models

that are addressed by the presented approach. A full definition
of all sensor models is shown in Section IV. The integration of
such sensors can be a complex task, and typically, a number of
questions need to be answered prior to the integration:

1) What type of information does the sensor provide?
2) Given a rigid body, what is the extrinsic calibration?
3) Is the measurement given in the normal direction (Tsr) or

the inverse with respect to the robot (Tsr
−1) (see Fig. 1)?

4) Does the measurement model require a reference frame?
The integration of a sensor modality usually requires expert

knowledge. In order to generate a sensor model for the update
in filter definitions, the main components of the general system,
such as given and prior states, calibration states, and reference
frames, need to be identified.

To provide additional and quantifiable insight into the mag-
nitude of complications related to the setup of localization and
state-estimation solutions, we evaluated the number of relevant
issues, discussions, and wikis for the open-source platform
GitHub1 with respect to sensor modeling and state estimation.
The keyword “Sensor model” appears in 80 k issues, 4 k
discussions, and 13 k wikis, with a significant share of 14.4 k

1Data collected from GitHub repositories and discussion boards, open and
closed issues, as of December 2024.
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issues and 1 k discussions related to “sensor model inte-
gration.” Similarly, “state-estimation” (30 k issues), “sensor-
fusion” (8.5 k issues), and “sensor calibration” (22 k issues). This
indicates that setting up localization solutions and integrating
sensor modalities, 1) requires extensive documentation—to be
read, and 2) is not always straightforward and causes predom-
inant and time-consuming issues. Such issues even motivate
setups where raw sensor data or entirely proprietary solutions
are preferred for ease of use. The proposed work aims to allow a
simplified and automated integration of sensor modules during
runtime without prior knowledge about the sensor type or its
properties to streamline and robustify the task of integrating a
new sensor model. This mitigates possible errors and accelerates
the research and development phases.

In previous work [1], we focused on the modularity aspect of
a possible application that integrates a sensor modality during
runtime. The important aspect is that a sensor module does not
need to be a priori known to the system. However, this approach
requires knowledge of the sensor type and, ideally, an initial
guess for the additional calibration states of a sensor module.

Of course, a pragmatic approach is to always know the sensor
modalities that are used during the operation of a robot, or
having a self-identifying sensor. However, we aim to simplify
the process of sensor integration without expert knowledge and
future work that does not rely on knowing a sensor type before
integration. We illustrate two scenarios where the proposed
method could be applied.

a) Automated Robust Sensor Integration: Sensor devices
are not always well documented nor easily integrated by an engi-
neer without prior knowledge about state-estimation algorithms
and specific sensor modalities. Assuming an inexperienced per-
son needs to integrate the odometry information provided by
an Intel Real-Sense sensor, which is rigidly mounted on an
uncrewed aerial vehicle (UAV).

First, we need to determine the type and direction of the mea-
surements. In this case, the position and rotation measurements
could be expressed w.r.t. an arbitrary vision frame chosen by
the sensor up on initialization, its inverse, or different directions
for the position and rotation information. Given a lack of docu-
mentation, arbitrary reference frames, or inexperience, finding
the right references and directions can result in time-consuming
tabletop experiments.

The next step is to determine the calibration states and refer-
ence frame of the sensor. We assume that the UAV uses an IMU
as a core sensor, and we need to find the rigid-body calibration
of the Real-Sense w.r.t. the IMU frame. Lack of knowledge
on how the IMU is mounted, how the odometry frame of the
Real-Sense is oriented, and which arbitrary reference frame
is used by the Real-Sense can lead to errors when inferring
this calibration through estimation by hand or evaluation of
numerical measurements of the IMU and the Real-Sense.

We also need to know the reference in which the measurement
is expressed and if this differs from the currently used world
reference of the localization algorithm. If the reference frame
does not differ, then it does not need to be incorporated into
the sensor model. In the case of the Real-Sense, the odometry
reference is most likely aligned with the gravity vector, but the

Fig. 2. Outline of the stages for the sensor model identification method.

remaining orientation parameters and the position depend on the
pose of the sensor during internal initialization.

These elements can lead to time-consuming integration and
error-prone results. With the proposed method, the sensor type
and parameters for its setup are inferred automatically without
the need of expert knowledge, thus simplifying the system
integration.

b) Collaborative State Estimation (CSE): To the contrary
of the previous example, for CSE, localization information of
one robot is not only given by rigidly attached sensor modalities.
Localization information can also be inferred through temporary
encounters with other moving robotic platforms, sharing their
state estimates in the vicinity.

One possible use-case is a setup with a UAV and a rover, pro-
viding a recharging base for the UAV. While charging, the UAV
is temporarily attached to the moving rover and can either share
its state estimate or individual sensor modalities with the rover.
In this case, sensor modalities, respective calibration states, and
references do not need to be known a priori. Gray-box sensor
information can be transmitted to the rover, which identifies the
sensor module, type of measurement, and sensor calibrations.
During this encounter, both platforms can benefit and improve
their estimated localization.

This example can be transferred to a more tangible industry
use case, given a scenario with an autonomous pallet truck that
picks up boxes with individual radio frequency identifications
(RFIDs) modules that can be located within the warehouse.
Given the presented method and a short measurement sequence,
the localization algorithm of the pallet truck can incorporate
the measurement automatically without further knowledge, and
benefit from the additional position measurements, improving
accuracy and redundancy.

Of course, a more practical approach is to preprocess and unify
the output of collaborating robots and to use this information
directly. However, if a robot carries more than one sensor, then
sharing individual sensor information and incorporating them
with accurately modeled extrinsic calibration states in a tightly
coupled fashion can improve robustness, accuracy, and consis-
tency, given that probabilistic correlations are estimated accu-
rately. Depending on the overall complexity of such a modular
system, a self-identification approach to sensor models can also
be more scalable. In any case, it is helpful if the correct sensor
model, and its parameters (i.e., calibrations and references) are
inferred automatically, based on the given measurement signal,
following the presented method outlined by Fig. 2 to efficiently
integrate sensor information online into a localization algorithm.

The presented work focuses on the following contributions.
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1) Gray-box sensor model identification based on noisy es-
timates of localization states and sensor measurement
signals from an unknown sensor type. The measurement
source is unknown, and a catalog of the most common
sensor models in the field of robotics is provided.

2) Estimation of sensor calibration states for filter initializa-
tion.

3) Evaluation of the requirement for a dedicated sensor
measurement reference frame, needed to align the sensor
information with the navigation frame of a localization
algorithm.

4) A health metric for the validation of a selected sensor
module, preventing false positives.

Essential steps of the proposed sensor identification method
are illustrated in Fig. 2 and further detailed in Section IV. The
general structure of the method is as follows. The localization
system needs to be in a self-sustained state, meaning a global or
stable relative localization needs to be available. In the presented
examples, this information is provided by an EKF with relatively
noise core states (i.e., an IMU-driven propagation with vision
sensor updates). Stage 1 is responsible for the detection of the
correct sensor model and the correct sensor signal references,
e.g., is the sensor measurement expressed w.r.t. the world frame,
or is the measurement expressed by the inverse? This is done
based on an overdetermined system definition and provides
a health metric to prevent false positive selections. Stage 2
performs the estimation of the calibration states for the selected
sensor model and identifies if a sensor reference frame, different
from the world reference frame, is needed. After the sensor
model and the existence of additional states are known, the
correct Jacobian for the integration of an updated sensor to a
filter framework is selected.

In the final step, the sensor model and the parameterization of
the initial calibration states are integrated as an additional source
of information to a state estimation framework. The sensor self-
calibration of the previously presented framework ensures the
refinement of the calibration states in the long term. A complete
integration of this process was tested with simulated data in
Section V-A and with real-world data and two robotic platforms:
A UAV use case (see Section V-D) and a ground vehicle use case
(see Section V-E).

II. RELATED WORK

The presented work generally concerns the research on model
identification based on given sensor data and partially known
system models. A number of methods have been developed and
address solutions to this problem in various ways.

A pragmatic approach was summarized by Mitterer and
Zangl [2], where a sensor contains an electronic data sheet,
accessible to a host, detailing the properties of a sensor. While
this is a great solution for higher level applications, fundamental
nonsmart sensors do not provide this functionality, and the
determination of an extrinsic calibration still requires a dedicated
process.

Analytical methods have been introduced, starting with fuzzy
modeling. Nagai and Arruda [3] and Frolik et al. [4] described

the generation of a fuzzy logic sensor model for a number of
inputs and a corresponding output, additionally exposing infor-
mation from possible latent features. Nagai and Arruda [3] used
uncategorized input information to generate a refined model,
tailored to a specific output, such as to predict variables in a
chemical process where direct measurements are not possible.
The approach is especially interesting because it allows different
criteria on the variable sets, such as Gaussian distributions,
and the clustering of data points (Fuzzy c-means) to coherent
structures by simplification with Kohonen maps. The clustering
achieves a simplified set of sensor states and promotes resilience
to overfitting.

However, as mentioned in the introduction, the goal is to
generate a model that can be used in a filter setup with online
self-calibration. Since this generated model does not provide a
direct association with the physical states of a sensor model,
an abstract fuzzy model will not allow human interpretation of
physical calibration states and would provide a solution with
untraceable states.

A more traceable solution for identifying states or coefficients
and their significance was introduced by Tibshirani [5] with
the least absolute shrinkage and selection operator (LASSO)
and later adaptation least angle regression (LARS) by Efron
et al. [6]. LASSO poses a regularization in the form of the L1-
Norm on a selection of coefficients to an optimization problem,
thus promoting sparsity of coefficients. A selection is made by
eliminating coefficients with insignificant contributions to the
overall solution. To utilize this approach, an overdetermined
system must be defined and evaluated against a given stream
of, e.g., sensor signals. This approach was not designed to
identify individual states of higher dimensions, and each co-
efficient is evaluated individually, without definable coherence
between states. This renders the usage of the LASSO approach
difficult for usage in multidimensional geometric problems. It
is not guaranteed that a nonrequired vector in R3 is eliminated
entirely, especially if the signal has noise, allowing for possible
overfitting.

The LASSO operator is one of the main techniques used by the
sparse identification of nonlinear dynamics (SINDy) framework
by Brunton et al. [7]. SINDy was used for the identification
of time-varying physical problems and demonstrated with fluid
dynamical problems [8]. It requires a time series of data and
overdetermined model expressions that are commonly present
for the problems that are to be analyzed. This approach was
extended by Mangan et al. [9] to incorporate information criteria
[Akaike information criterion (AIC) and Bayesian information
criterion (BIC)] for model verification and to find the most
informative model through sequential thresholding. Mangan
et al. [9] also discussed the problem that noise-afflicted data
could prevent the identification of the correct model with SINDy
and the possible requirement of prefiltered data.

Zheng et al. [10] also extended the work on SINDy by
introducing the sparse relaxed regularized regression (SR3)
framework. This extension introduced a relaxation loss term,
which aims to increase the robustness of the state sparsification
if inaccurate or noise-afflicted data is given. The sparsification
is not performed on the coefficients x directly but via a
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second loss term w, which allows the relaxation
minx,w

1
2‖Ax− b‖22 + ‖w‖1 + ‖x−w‖22 with system

definition A and input b. While SINDy can solve
multidimensional problems, it was not directly designed
to incorporate multidimensional states such as geometrical
transformations.

Other approaches for model identification perform iterative
optimization steps. Mixed integer nonlinear programming is one
technique; it also requires a predefined and meaningful catalog
of model components and estimates coefficients and boolean-
like or integer variables using a branch and bound technique.
Integer variables are selected iteratively (branch), and the value
range is limited to a specific range (bound). Variables that do
not minimize the problem in the value range are reversed, and
the next branch of variable thresholding is followed.

This approach is similar to Bayesian networks, which also
utilize a branching technique, with the difference that individual
states are added without a decision variable as a weight, and the
choice of the addition or existence of a state is made based on
the improvement of the system error. Kadane and Lazar [11]
and Khosbayar et al. [12] described multiple approaches to
model selection by utilizing the Bayesian approach. Compared
to the optimization-based methods, which require penalties that
promote sparsification, e.g., regularization through LASSO and
LARS or multiplicative mixed integers, the Bayesian approach
includes or rejects model states for each iteration. This results
in a similar methodology of sparsifying a sensor model while
maintaining accuracy.

A drawback with branching techniques is that the order in
which states are added and evaluated can lead to nondetermin-
istic and possibly wrong results depending on the nature of
the proposed system models. An additional state that improves
the system’s accuracy in first iterations does not necessarily
belong to the correct sensor model. Even with forward selec-
tion and backward elimination methods, the final model selec-
tion might minimize the error but remain incorrect. Reasons
for false detections can be similarities of the sensor models
[see (22) and (23)] or differences in magnitudes of individual
state variables (see Section IV). Thus, an incorrect first choice
and the addition of a state can be irreversible.

A brute-force method for model identification through
Boolean decision-making would be to iterate through a binary
table for all posed states one by one. However, depending on
the number of possible states, this approach can be too time-
consuming/inefficient. Lesage-Landry et al. [13] used a prob-
abilistic approach with randomly drawn Bernoulli samples to
find a suitable selection more efficiently, while Xiong et al. [14]
updated Boolean definitions based on a thresholding technique
and validated decisions based on the iterative system error.

In summary, fuzzy logic finds abstract states that correlate
given input data to output data. However, it does not provide
an association to physically meaningful states, which prevents
online state estimation in subsequent stages. LASSO regularizes
the collective magnitude of a state vector and reduces the number
of states (selection) for the solution of a problem. However,
it does not allow structured group penalties of multidimen-
sional variables, making the selection process inaccurate for
geometrical problems. SINDy finds a polynomial for a dynamic

TABLE I
SENSOR MODEL STATE ASSOCIATION AND SENSOR REFERENCE STATE

SHARING

system model, and variations to this approach address further
improvements to noise resilience; however, incorporating states
that perform multidimensional geometrical transformations is
not straightforward.

Furthermore, approaches with iterative refinement stages di-
vide the solution to model selection into two stages, the state
selection and the state estimation in consecutive steps, where
the state selection can change per iteration after state values
have been refined. Such approaches can be time-consuming and
lead to incorrect state selections if the posed model states are
similar and prone to overfitting in the presence of noise.

To the best of the authors’ knowledge, no existing approach or
framework addresses the identification of multidimensional, ge-
ometrically constrained sensor models, nor the detection of false
positives as presented by this work. Our approach contributes
to the existing literature, by allowing for a direct selection of
interpretable sensor models that can incorporate multidimen-
sional geometric transformations and a system definition for
the optimization of selection operators and refinement of state
variables simultaneously. It also establishes a health metric for
the identification of false positive selections, and resilience to
signal scaling and noise.

III. NOTATION

For a generalized description of sensor models, we are defin-
ing frame dependencies as shown by Fig. 1. Following the
notationApBC for a translation of frameCwith respect to frameB
expressed in frame A. With ApBC ≡ pBC if frame A=B. The
quaternion qAB describes the rotation of frame B with respect to
frame A and corresponds to a rotation matrix R(qAB) ≡ RAB. A
variable describing a time sequence is denoted by the prefix t,
e.g., tv. Since the transformations in Fig. 1 are used for multiple
sensors, such states are labeled with the sensor type typex, e.g.,
ppis for the translation of the sensor frame w.r.t. the IMU frame
used for the position sensor (P) (see labels in Table I).

Rotations utilized within the system definition are defined
as rotation matrices in SO(3). Rotations as states, which are
optimized, or measurements, are defined in the tangent space
with conversions log(·)∨ : SO(3) → R3 and exp(ω∧) : R3 →
SO(3)with (·)∧ ≡ �·�x and (·)∨ as the structural decomposition
of the skew-symmetric structure. This definition ensures the
correct properties of rotations during the optimization process.
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IV. METHOD

This section describes how an overdetermined system model
is defined, which aspects are critical for selection operators,
and which constraints are important to render the presented
method reliable. As illustrated by Fig. 2, the proposed method
requires a given sequence of associated (synchronized) data
points providing the current state estimate and the measurement
by the unknown sensor module as the input. The two data streams
can be acquired, e.g., during the operation of the robot and after a
sensor was added for online integration, or in a handheld setting
for offline processing. After a data sequence was acquired, the
data points of the two data streams need to be associated, e.g.,
based on timestamps. If a data point of one data stream has no
valid association, then this point is discarded. While the data
needs to be correctly associated, it does not have to be given in
a causal time sequence. After the data points are synchronized,
the recorded sequence is fixed and processed in Stage 1.

The known inputs are the essential states required to describe
the location of a robot, commonly called core states. For this
work, the core states are defined by the position pwi, rotation
R(qwi), and velocity vwi of an IMU-frame i with respect to the
navigation world-frame W. Because we are including velocity
sensor models, we also require the angular velocity information
from the IMU ωi. This sequence of core states

txc =
[
tpT

wi
tvT

wi
tqT

wi
tωT

i

]T ∈ R13×n (1)

is provided online by an IMU-driven EKF filter framework
such as presented by [1]. In scenarios where an IMU is not
available but data such as angular velocity is required by a
sensor model, this information would need to be estimated using
available sensor data containing rotational information and, e.g.,
numerical differentiation.

Stage 1, detailed in Section IV-A, performs the main model
identification based on a fixed given data sequence and a gen-
eralized model definition that adheres to the reference frame
and state structure shown by Fig. 1. According to this structure,
a sensor can have an extrinsic calibration state describing a
transformation of the sensor frame w.r.t. the IMU frame (pis, and
Ris). The local deviation of the magnetic field is described as a
Cartesian vector mw, which does not need to align with any axis
of the world frame and depends on the current geolocation [15].

A dedicated sensor reference frame R is introduced because
the information provided by a sensor entity does not need to
align with the current global navigation world frame W of
the estimator, thus requiring transformations prw and Rrw. An
example is given by a vision sensor that is initialized at a later
point of a vehicle operation, and its reference is defined relative
to the current location.

Sensor measurements can either be expressed w.r.t. the sensor
frame S itself, such as the magnetic field ms and the body
velocityvs, or as positionprs and rotationRrs of the sensor frame
w.r.t. the sensor reference frame R, or as the inverse; the sensor
reference frame w.r.t. the sensor frame psr, Rsr. A special case
is presented if the sensor measurement is the inverse T−1

rs (see
Fig. 1). In that case, the rotation Rrw is a free parameter and not
constrained by the sensor reference frame S nor the navigation
world frame W. Thus, the transformations prw and Rrw are

codependent and infinite valid solutions exist as long as prw is
chosen according to Rrw to remain coherent. Stage 2, described
in Section IV-B, performs refinements and final choices on the
calibration states after the general sensor model was chosen.

A. Sensor Identification

The goal of this work is to identify the following sensor
models commonly used in robot localization tasks. We use the
notation of rotation matrices to express their state variables
expressed in the tangent space, e.g., exp(ω∧

wi) = Rwi, to provide
a concise description of the sensor models. While the symbolic
expressions for sensor states are the same for each sensor model
in Fig. 1, each model has a dedicated state variable for the
selection process according to Table I. Only the sensor reference
frame is defined as a common, shared, optimization state to
provide an additional constraint and to restrain incorrect model
selections while the reference frame converges. Model states are
given as follows:

xm = [pT
rw ωT

rw
ppT

is
ippT

is
ipωT

is
rωT

is

irωT
is

velpT
is

bvpT
is

bvωT
is

magωT
is m

T
w]

T∈ R36. (2)

Let x = [txT
c xT

m]
T be the full state vector, containing the time

sequence of the core states txc and the self-calibration states of
all proposed sensor models txm for the following sensor model
definitions:

Position

prs(x) = prw +Rrw

(
tpwi +

tRwi
ppis

)
. (3)

Inverse Position

psr(x) = −ipRT
is

(
tRT

wi

(
RT

rw prw + tpwi

)
+ ippis

)
. (4)

Rotation

Rrs(x) = Rrw
tRwi

rRis. (5)

Inverse Rotation

Rsr(x) =
irRT

is
tRT

wi R
T
rw. (6)

World Velocity

vws(x) =
tvwi +

tRwi
tω∧

i
velpis. (7)

Body Velocity

vs(x) =
bvRT

is
tRT

wi
tvwi +

bvRT
is

tω∧
i
bvpis. (8)

Magnetometer

ms(x) =
magRT

is
tRT

wi mw. (9)

Table I also shows the categorical type of states that are similar
in purpose between sensor models. As a brief reference for
future work; we evaluated a system set up where each sensor
state was defined as a shared state between models, i.e., ippis

and ppis, the extrinsic calibration of the position and inverse
position sensor was defined as one coupled state. The intent was
to pose additional constraints in the form of coherence, but the
results were limited in terms of robustness. This indicates that the
system definition cannot be oversimplified, and individual states
need to be granular while the system becomes more versatile.
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Fig. 3. Visual proof of Theorem IV.1.

However, the states for the reference frames prw and Rrw are
shared, which benefits robustness.

Before continuing to the selection of states and models,
we need to define the format of states and measurements.
Translation states, as well as position [m], velocity [m/s], and
magnetometer measurements are defined as direction vectors in
the 2-Sphere S2. Because of this, the unit of the magnetometer
measurements are not relevant for the detection process; units
may be Tesla, “counts” as provided by certain system on chips
(SoCs), or any.

Rotational states ω within the sensor model definition are
defined through their tangent space value ω, and therefore, the
parameters for a particular rotation are not unique. This does
not pose issues in theory, but for real-world applications, this
can result in numerical issues if the values for ω are of higher
magnitude. Thus, given the axis-angle representation, we are
limiting the magnitude of the angle for all rotational states in the
range of −π ≤ ω ≤ π by defining individual loss terms.

Lrot(ω) =

{
‖ω‖ − π, if π < ‖ω‖
0, otherwise

(10)

with
ω

‖ω‖‖ω‖ = ω = log(R)∨ (11)

R being a rotation matrix, ω
‖ω‖ the axis of rotation, and ‖ω‖ as

the angle of rotation.
Our method utilizes soft Booleans B = [0, 1] for the selection

of sensor models. Ideally, such soft Booleans can vary in a
limited range during the optimization process bopt ∈ B and are
categorized in a Boolean set in the final stage of the optimiza-
tion bfinal ∈ {0, 1}. All selectors bopt are valid candidates when
the method is initialized. The soft Boolean selectors converge
concurrently during the optimization while their value range is
constrained by dedicated loss terms (see Fig. 4 in the experi-
ment section). Given ideal data, the selectors can converge to a
single choice. Given realistic and imperfect data, the choice can
become more ambiguous. Because of this, we define a decision
and health metric to define bfinal and to ensure that the correct
model was selected.

Fig. 4. Experimental comparison and further proof of Theorem IV.1 for the
STD loss term, which enforces a single model choice. The data for this example is
perturbed with noise to promote a case that tends toward an ambiguous decision.
Top: Convergence of soft Booleans with (solid) and without (dashed) the STD
loss term. It can be seen that a fully accurate decision is not reached if the
loss term is not enabled (position model: 0.8, magnetometer: 0.2). This further
confirms the exact scenario of possible overfitting (see Section IV) if dedicated
loss terms are not defined. Bottom: Convergence of the system error and all loss
terms for the case where the STD loss is used.

As mentioned in the related work (see Section II), our goal is
to not perform an iterative process such as, branch and bound,
or randomization of Boolean code tables. The method described
by this work performs an optimization and selection process on
all states simultaneously in stage one.

Utilizing the described soft Booleans as selection operators
allows for a grouping of multidimensional geometrical terms,
which is required for the selection of sensor models within
the overdetermined system definition. While LASSO promotes
sparsity for individual state-values vi ∈ Rn as means of selec-
tions, i.e., minα ‖α‖1, α = [v1,v2, . . . ,vn], the utilization of
multiplicative soft Booleans (bi ∈ B) extends this approach and
allows for the grouping and forming of multidimensional states.
LetLB(b) be a collection of loss-terms defined by (14) to enforce
the properties of soft Booleans for the final system definition.
This allows for multiplicative selections such as

β = [b1v1, b2v2, . . . , bnvn] (12)

min
b

y =
∑
i

LB(bi) (13)

where bi is the Boolean selector for the vi state. Keep in mind
that this example only shows the regularization as an example
with respect to a full problem definition of a system.

We evaluated two concepts: a method for individual state
selections, which allows multiple selection operators to be true,
and a direct selection approach, which allows a one-out-of-many
single choice of predefined sensor models.

The concept of individual state selection was limited in scal-
ability and robustness for real-world scenarios. The correspond-
ing system definition requires the augmentation of all sensor
model states by individual soft Booleans and careful modeling
of the interdependencies among proposed sensor models. The
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main reason for the limited robustness is a sensitivity to the initial
convergence phase. One of the main problems addressed by this
work is that the selection of states and the convergence of state
values should coincide. However, this approach was sensitive to
signal attenuation and prone to cross-detection of states due to
overfitting, promoted by incorrect utilization of states.

Assuming a measurement was given by a position sensor.
The concurring states of a magnetometer model would produce
a signal component with a much lower magnitude compared to
global position information. A magnetic field vector can freely
rotate within the noise band of the position sensor signal and
lead to the minimization of the system’s residual, but results
in an overall sensor model that is not meaningful. This was
also evaluated by using particle swarm optimization (PSO) to
circumvent such issues, but resulted in untraceable processing
time and limited success for ill-conditioned scenarios.

The approach for predefined sensor model selection did not
fall short of the outlined issues and is presented in the following.
The method allows a robust selection of dedicated sensor models
(3)–(9) as a whole and resolves the weaknesses of the approach
for single state selection which required individual loss terms for
each selection operator, while the direct selection approach re-
quires a global set of regularizations to enforce the soft Boolean
properties and achieve a one-out-of-many selection.

A sensitivity analysis in Section V-A has shown that the
presented method produces zero false positives for data with
high SNR, indicating that ideally, only one model can be selected
for close to ideal data.

While this is true, given simulated and noise-free data with a
trajectory that ensures the observability of states, an application
with real-world data requires additional steps to achieve a robust
result. The first step is to normalize the unknown measurement as
well as the individual components of the overdetermined system
model to the value range [0,1]. This normalization mitigates
errors due to overfitting and sensitivity to signal attenuation,
which was shown as an example in the previous section. In
particular, the magnetometer sensor model (9) and especially the
ubiquity of its statemw can freely contribute to the minimization
of noise-afflicted residuals. Measurement and model normaliza-
tion addresses this issue while also improving resilience to noise
(see Section V).

However, noise-afflicted data and uncertainties of the given
core states can still prevent a definite single model selection
since a number of sensor models can contribute to a solution
partially. Thus, a set of constraints, operating on the selection
operators b, are defined to enforce the convergence to a single
selection. Given b∗ ∈ B, b ∈ Bn, the following loss terms can
be combined as

LB (b) = Lnorm (b) + Lpos (b) + Lstd (b) . (14)

First, enforce that b is constrained to a single overall contribution
of models

Lnorm = |‖b‖1 − 1|2 (15)

which does not overconstrain the system and allows for a free
convergence of state-values and selectors because a mixture of
models is still possible. A second constraint enforces that all
selectors are positive by posing a penalty for negative selectors

as follows:

Lpos = ‖{b | b ∈ b, b < 0}‖2 . (16)

This constraint is crucial for the rotation models (5) and (6)
because the measurement of a rotation signal and the model
definition provide rotational information expressed in the tan-
gent space. Since, log(RT)∨ ≡ −ω, the definition of the rotation
and inverse rotation model can interfere and possibly cancel each
other out while, at the same time, reaching a valid decision for
the correct module. A valid solution from the system point of
view could otherwise be a selection with ([bRsr

= 0.5, bRrs
=

−0.5, bpsr
= 1]), leading to ambiguities for the decision-making

process.
While the normalization already improves issues due to signal

attenuation, an additional improvement can be made by enforc-
ing single vector module entities to ‖v‖2 = 1. In the presented
case, this only concerns the magnetometer model and renders
the constraint to

Lvec = ‖‖ms‖2 − 1‖2. (17)

Single vector entities can highly contribute to overfitting and
false positives, especially during the transient phase. For this
reason, this loss term is squared in the final system definition
(20) to provide steeper gradients for faster convergence to fully
avoid possible incorrect convergence of the overall system.

Finally, to enforce a single decision, we utilize the regular-
ization introduced by Theorem IV.1 in conjunction with Lnorm,
which ensures ‖bvec‖1 = 1 as follows:

Lstd =

∥∥∥∥std(bvec)− 1√
N

∥∥∥∥
2

(18)

with std(x) =
√

1
N−1

∑
i(xi − μ)2 and N as dimension of b.

The reasoning behind the loss-term Lstd and the correspond-
ing Theorem IV.1 originated based on the property of maxi-
mum variation for a vector x ∈ RN as follows: If we pose the
constraints Lnorm and Lpos onto a decision vector x with soft
Boolean and nonrandom elementsxi, then the standard deviation
of this vector has an upper limit, equivalent to the maximum
variation of x. The proof shows, that the specific maximum
variation of vector x is 1√

N
and can only be reached if the vector

has a single entry of one and zeros otherwise. This property is
essential for loss-term Lstd and the presented one-out-of-many
decision making approach, which enforces a single selection.

Theorem IV.1: Let x ∈ RN be a vector. Let std(x) represent
the standard deviation ofx. Assume 0 ≤ xi ≤ 1 ∀ i = 1, . . . , N
of vector x, ‖x‖1 = 1, and std(x) = 1√

N
. Let M be the number

of nonzero entries xi of x. Then, there are only N constellations
for x with M = 1, and zero constellations with M > 1.

Proof:
1) We proof by contradiction and, therefore, assume ∃ M >

1 | 0 < xi < 1 ∀ i = 1, . . . ,M .
2) Given the hypothesis std(x) = 1√

N
and ‖x‖1 = 1, we get
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std(x) =
1√
N

=

√
1

N − 1

∑N

i
(xi − μ)2

1

N
=

1

N − 1

N∑
i

(xi − μ)2

N − 1

N
=

N∑
i

(xi − μ)2

3) where
∑N

i (xi − μ)2 can be split in two sets, S0 = {i |
xi = 0}, Sα = {i | 0 < xi < 1} of vector x

N − 1

N
=

M∑
i∈Sα

(xi − μ)2 +

N−M∑
i∈S0

μ2.

μ =
1

N

N∑
i

xi =
1

N

(
M∑

i∈Sα

xi +

N−M∑
i∈S0

0

)
=

1

N
.

4) Substituting for μ, we can show that

N − 1

N
=

M∑
i∈Sα

(xi − μ)2 +

N−M∑
i∈S0

μ2

=
M∑

i∈Sα

(
xi − 1

N

)2

+
N−M∑
i∈S0

(
1

N

)2

=

M∑
i∈Sα

(
x2
i − 2xi

1

N
+

1

N2

)
+

N −M

N2

=
M∑

i∈Sα

(
x2
i

)− 2

N

M∑
i∈Sα

xi +
M

N2
+

N −M

N2

=

M∑
i∈Sα

(
x2
i

)− 2

N

M∑
i∈Sα

xi +
1

N

5) where
∑M

i xi = ‖1‖1 = 1 was used in the last equation.
It follows that

N − 1

N
=

M∑
i∈Sα

(
x2
i

)− 1

N

1− 1

N
=

M∑
i∈Sα

(
x2
i

)− 1

N

M∑
i∈Sα

(x2
i ) = 1.

1) The last equality is true if and only if M = 1, proving the
theorem. �

An example can be given for the 2-D case as follows:
1) Given the following equality of the constraints

∑N
i (x2

i ) =
‖x‖1 = 1 and an example with N = 2

‖x‖1 = x1 + x2 = 1

x1 = 1− x2.

2) Substituting for x1, and solving the polynomial for x2 we
can show that

N∑
i

(x2
i ) = x2

1 + x2
2 = 1

= (1− x2)
2 + x2

2 = 1

0 = x2
2 − x2 ⇒ x21,2 = {0, 1}.

3) Solving for x1 given
∑N

i (x2
i ) and the solutions for x2

x11,2 = {1, 0} given x21,2 = {0, 1}
4) shows mutual exclusive boolean selectors and supports the

proof that constraints are only fulfilled for M = 1.
A visual proof that the sets of values for the given constraints

are only inclusive where the conditions mentioned above are
met, is visualized by Fig. 3. Experimental results, which show
how this loss term improves the soft Boolean convergence, is
presented by Fig. 4 (see Section V).

The full and final approach can be addressed with common
nonlinear solvers such as the Levenberg–Marquardt algorithm
and numerically approximated Jacobians. This is beneficial due
to the high variability of the system definition and its consecutive
Jacobians.

The system definition of this approach is defined as follows:

fsys(xc,xm, b) = bpsr
psr(x) + bprs

prs(x) + bRrs
ωrs(x)

+bRsr
ωsr(x) + bvws

vws(x) + bvs
vs(x) + bms

ms(x) (19)

Lloss(b) = λn Lnorm(b) + λp Lpos(b)

+ λs Lstd(b) + λv Lvec(b)
2 (20)

min
xm,b

y =
1

2

∑
i ‖fsys(xci ,xmi

, b)− tSi‖√
nsamples

+ Lloss(b)

(21)

with the overdetermined system definition fsys, previously intro-
duced constraintsLloss, individual weights λ∗,S as the unknown
sensor signal, and nsamples as the number of sample points to
render the system error invariant to the length of a dataset.

In this case, the norm of R3×n is the Frobenius norm. By
normalizing the Frobenius norm based on

√
nsamples, we obtain

the RMSE, which is agnostic to the number of samples.
Since the system components are normalized for this ap-

proach, the state values of the selected module are unscaled
and need to be refined, which is the purpose of stage 2 (see
Section IV-B).

An additional note on module similarities: By examining (22)
and (23), it can be seen that the result for both expressions is
a vector in R3. An issue can arise if the rotations defined by
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(23) do not fully minimize the error and express log(Rsr)
∨ =

ωsr incorrectly. For this scenario, a multiplicative vector could
also minimize the error and contribute to the solution due to
overfitting or overdetermination. In this case, (22) can double as
a solution for a rotation sensor module.

ms = RT
is

tRT
wi mw (22)

log(Rsr)
∨ = log(RT

is
tRT

wi R
T
rw)

∨. (23)

This issue can be circumvented by enforcing additional con-
straints on mw. This is the reason why we decided to fully
isolate rotation signal identification from all other sensor module
expressions. Besides the issue described above, the main reason
for this decision is that rotational signals need to be expressed in
the tangent space and require additional conversion to R3 before
the detection in stage 1 can be performed. The detection and
refinement of calibration states for rotational information are still
of interest to define the nature of the measurement expression
(normal or inverse) and the calibration states.

Defining the weights for loss terms is often a heuristic ap-
proach. However, the weights for this system setup (20) are
defined such that all initial loss terms result in approximately the
same range of magnitude. Weights for the presented setups are
λp = 200, λn = 50, λv = 100, λs = 20, and the development of
weighted loss terms throughout the optimization process is
shown by Fig. 4.

Finally, the decision-making process is straightforward.
Given the final result of the selectors,bvec, the soft Boolean with
the highest magnitude is selected to determine a candidate for the
model choice. Since we know that the problem definition is not
convex, we need to ensure that the choice is not a false positive
before proceeding to the next stage. Thus, a health metric, based
on the distance of the soft Boolean with the highest and second
highest magnitude, together with the remaining loss terms that
enforce the soft Boolean properties, are used to identify false
positives. This metric is detailed and validated in the experiment
in Section V-B.

Overall, this approach reaches a final decision while prevent-
ing false positive decisions due to noise and uncertainties of the
provided input signals and module cross-detections due to signal
attenuation. The scalability of this approach is also improved
with respect to the single-state selection because of minimized
system interdependencies.

B. Sensor State Calibration

This section details the process of stage 2 (see Fig. 2) concern-
ing the estimation of sensor state calibrations and the necessity
of reference frames for dedicated sensor modules. In general,
the same sensor model definitions that are used for stage 1 are
used for stage 2, with the difference that only the previously
detected sensor model is selected and processed. While the
unknown measurement input and the estimated measurement
were normalized in stage 1, e.g., for noise resilience, stage 2
requires the raw system information for the determination of
calibration states.

Since the problem definition is nonconvex, the initialization
point of optimization parameters is vital for correct convergence.

We performed tests that showed that a naive initialization of these
states could lead to incorrect results. A more robust initialization
and convergence is given if the states are initialized with the final
parameters from stage 1. These parameters are obtained with the
normalized system error definition in stage 1, possibly leading
to higher resilience to local minima due to lower gradients
in the optimization landscape. Experiment Section V-C shows
corresponding results.

The system error definition for rotations differs for stage 1 and
stage 2. As introduced earlier, the rotations for the calculation
of the system error are expressed in the tangent space. In this
space, the expression of rotations is not unique and reoccurring.
Since these parameters are not normalized in stage 2, it needs to
be assured that the repetitiveness of values expressing the same
rotations is consistent and comparable for the system input and
the estimated measurement. Thus, the error between two series
of rotations ωa and ωb for rotation models in stage 2 is defined
as follows:

εrot =

∑
i

∥∥log(exp(ω∧
Ai
) exp(ω∧

Bi
)T)∨

∥∥
2

N
(24)

this ensures that rotations are unique trough rotation matrices in
SO(3) when determining the error.

It also needs to be noted that the states of the models need
to be observable. This concerns the reference frames for the
rotation and the inverse position sensors. Using Fig. 1 as a
reference; for rotation modules, the reference frame rotation
Rrw is unobservable and needs to be fixed in order to obtain
a valid calibration for Ris. For the inverse position module, it
can be seen that the sensor reference frame R is not constrained
by a rotation. Thus, the translation and rotation of the reference
frame are codependent, and there are multiple combinations for
prw and Rrw that are expressing a valid solution.

The second step within stage 2 is the reference frame deter-
mination. Until this point, the model detection and estimation of
initial calibration states assumed that sensors require a reference
frame. The last step in the model and state identification is to
determine if a reference frame is required. This is important
information for consecutive steps where the detected sensor
model is parameterized and used by a recursive filter, allowing
for sensor self-calibration. If a reference frame is not required,
it is beneficial not to include it.

The reference frame is defined by prw and Rrw. We use
the LASSO approach and the L1-norm as a penalty for the
reference frame. The following loss is added to the optimization
process for reference frame detection, while the sensor to IMU
calibration is also subject to optimization

Lref = ‖prw‖1 + ‖ωrw‖1 . (25)

Lref represents a nonminimizable loss term if a reference frame
is required. Estimating the calibration state itself is a property
of the individual sensor model definition in (19). This process
allows for clear decisions on the existence of reference frames
based on the remaining magnitude of the reference states. Ex-
perimental results are shown in Section V-C.

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.



BROMMER et al.: SENSOR MODEL IDENTIFICATION VIA SIMULTANEOUS MODEL SELECTION AND STATE VARIABLE DETERMINATION 4911

V. EXPERIMENTS

This section investigates the reliability and properties of the
presented method. Initial experiments are performed on ten sim-
ulated Lissajous figures, perturbed with various noise settings
to analyze the sensitivity of the approach (see Section V-A) and
reliability of the introduced health metric (see Section V-B) on
1750 case scenarios for statistical significance. In addition, the
approach is applied within a real-world scenario to prove its
applicability (see Sections V-D and V-E).

The simulated trajectories have the following stats: Range
in position 0–3.5m, maximum velocity 3.5m/s, roll and pitch
angles within ±30 ◦, yaw ±30 ◦, lateral maximum accelera-
tion 1.7m/ s2 , and maximum angular velocity 3.2 rad/s. Ex-
periments for the sensitivity analysis add specific noise to in-
dividual system inputs. Unless stated otherwise, the following
noise parameters are used for a realistic setup. For the general
approach, we assume that core state information is provided
by an estimator. However, for the simulated experiments, we
are using ground truth data with additive noise to provide core
states with relatively noisy data. This ensures repeatability and
consistency throughout all simulated cases. Keep in mind that
these are 1-sigma values. The corresponding 3-sigma, especially
for the rotation, is intended to prove that this method also works
with high/sufficient noise:

System Input: Position 0.1m, velocity 0.05m/s, orienta-
tion 2 ◦, angular velocity 0.014 deg/s/

√
hz (continuous) as for

the BMI055 MEMS IMU, used, e.g., by the PX4 autopilot.
Measurements: Position 0.3m, Rotation 3 ◦-axis angle rotation,
Velocity 0.05m/s, Magnetometer 6 ◦-axis angle rotation.

A. Sensitivity Analysis and Validation

This section details a sensitivity analysis of the proposed
method and the system definition to gain insights into robustness
and noise resilience. The presented approach is designed to
identify a single sensor modality at a time and, therefore, the
following evaluation is performed for individual sensor models.
The failure points and reported false selections are direct
outcomes of stage 1 and are not evaluated in conjunction with
the presented health metric (see Section V-B). In the following,
Tables II, III, and IV show the results for three different
sensitivity analysis aspects by evaluating successful and failed
detections with respect to different noise levels. The setup
and objective for each experiment is detailed in the following.
However, all experiments use the same ten individual trajectories
and the tables detail the number of false detections out of the ten
trails each. It is expected that low noise profiles cause no false de-
tections and, e.g., unrealistically high noise perturbations cause
false detections. High noise scenarios can also be interpreted as
sensor failure and data with a significant number of outliers. In
such cases, it is important that failures are detected reliably. A
different data segment can then be used for re-evaluation.

This analysis follows two approaches, the first evaluation is
done with reasonable noise for the system inputs (core states) and
gradually increasing sensor measurement noises. This relates the
analysis to real-world applications and intuitively interpretable
results. Table II shows the results when increasing the noise

TABLE II
VARIATION OF THE SENSOR MEASUREMENT NOISE GIVEN A REASONABLE

UNCERTAINTY OF THE SYSTEM STATES (SECTION V)

TABLE III
VARIATION OF THE TRAJECTORY DEPENDENT SNR FOR ALL SYSTEM INPUTS,
THE KNOWN STATES, AND UNKNOWN SENSOR MEASUREMENTS, FOR A FAIR

COMPARISON ACROSS TRAJECTORIES

TABLE IV
INDIVIDUAL SNR PERTURBATIONS ON ALL SYSTEM INPUTS WHILE RETAINING

RESPECTIVE OTHER INPUTS AT REASONABLE UNCERTAINTY

levels until a respective sensor type fails. It can be seen that the
position and rotation detections hardly fail despite the compar-
atively high noise levels. This is due to the characteristics of the
measurement types, the loss terms that prevent overfitting and
cross-detection, as well as reasonable uncertainty of the core
states. As a reference to the health metric in the next section,
none of the position and rotation selections, which have been
correctly selected, were close to the decision threshold.

The second approach relates the input noise to the variation
of the trajectory and thus provides a more comparable insight
into the sensitivity of the system. For a fair validation, we need
to establish a common ground for the comparison of various
trajectories and corresponding changes for the input data. For
this, we utilize a definition of the signal-to-noise ratio (SNR).
Since the SNR is a local ratio between the power of a signal m
and the power of its noise σ, the standard SNR metric SNR = m

σ
would be impractical given robotics applications because the
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power of the noise would need to change with the power of the
signal.

Sensors in robotics usually have a magnitude-independent
noise. Thus, we are using a modified definition of the SNR and
use the standard deviation λ of the trajectory (system input) as a
metric for the variation of the signal and the power of the noise

SNR = λ(x)
σn

with λ(x) =
√

1
N

∑
i(xi − μ)2. This allows the

generation of noise-afflicted data with the same SNR for multiple
test trajectories. The noise for each trajectory will be different
according to this definition.

While the noise for translations and vectors is additive, the
noise for rotations and the magnetic vector mw are generated
using the definition of the axis angle rotation based on the SNR
α, which, in the presented case, affects each axis equally

α = ‖ω‖ =
√
ω2
x + ω2

y + ω2
z (26)

α2 = 3ω2
i for equal effect on each axis (27)

ωi =
α√
3
. (28)

Table III shows the results of a setup in which all system inputs
are noise afflicted with the same SNR to the point of failure, done
for all sensor model inputs individually. The results show that
most model detection fails at SNR = 0.5, which determines that
the noise floor is twice the magnitude of the variation of the input
signal.

Finally, Table IV shows a more elaborate analysis with noise
perturbations and all system parameters individually over a
range of SNRs and all individual sensor signals as inputs. It
can be seen that the majority of detections fail if the noise
for the measurement itself is high (SNR < 0.5, column m).
Furthermore, the magnetometer and body velocity detection is
sensitive to high noise on core state rotation (SNR< 0.5, column
r), and the velocity is slightly sensitive to high core state velocity
noise (SNR < 0.4, column r).

All tests concerning sensitivity show that position and rotation
detections are generally more robust, which is due to their
characteristics, as described in the beginning.

Both approaches serve a specific purpose; the first approach
applies to real-world scenarios and to which point a noise-
afflicted sensor signal can be detected, given that the system’s
state is reasonably accurate. The second approach uses compara-
ble noise settings for all trajectories and individually challenges
the overall system to the point of failure and reveals the sensi-
tivity of individual components toward one another.

As an additional validation element, Fig. 4 visualizes the
effect of the STD loss term and the convergence of the loss
functions.

In the following, we are introducing two examples for the
velocity sensor identification from the larger analysis shown
by Table II. Using the same trajectory (see Figs. 5 and 6), we
are showing one case, which fails because of the predominant
measurement noise setting of 3m/s (false selection case indi-
cated by the table), and one successful detection using 1.5m/s
measurement noise.

Fig. 5. 3-D Lissajous trajectory for one of ten test datasets. (a) Without noise
on the system input (core states) and (b) with noise, as defined in the introduction
of Section V.

Fig. 6. 2-D position, rotation, and velocity, corresponding to Fig. 5, as the
base localization information for the vehicle.

Fig. 7. Ground truth velocity measurement in relation to the noise-perturbed
signal (σ = 3m/s), causing an incorrect model identification.

Fig. 7 shows the velocity measurement for the failing case
and relates the noise-perturbed measurement to the ground truth
signal. In this case, the sensor model was incorrectly identified as
a position sensor, Fig. 8 shows that the reprojected measurement,
based on the model and estimated parameterization resembles
the true value to some extent. However, the zoomed element
shows that the signal is strongly oversimplified. To the contrary,
Fig. 9 for the successful detection shows that the estimated
signal matches the ground truth of the measurement closely.
Comparing the error plots of both cases also shows a significant
difference in magnitude.

Table V presents the results for both scenarios, soft boolean
values, the selected model, as well as the RMSE for the repro-
jection of the sensor model with the estimated parameterization.
The next section will introduce a metric to identify false positives
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Fig. 8. Reprojection of the incorrectly identified position sensor model onto
the ground truth velocity measurement. The estimated model loosely resembles
the true signal but shows strong oversimplifications as highlighted by the zoomed
section and the error plot.

Fig. 9. Reprojection of the correctly identified and parameterized velocity
sensor model. The estimated data matches the true signal closely, confirmed by
the error plot with a significantly lower magnitude compared to Fig. 8.

TABLE V
RESULTS OF THE TWO EXAMPLE IDENTIFICATION CASES SHOWN BY FIGS. 8

AND 9

and show that such failure cases can be detected and rejected
reliably. We will show that the distance between the highest and
second highest boolean is one of the main parameters for this
identification and that the example case presented here, with a
false detection and a boolean distance of 0.082 would be rejected
accordingly.

B. Health Metric

Since the problem definition for the presented method is not
convex, a metric for detecting false decisions is vital. The choice
for a sensor model is made based on the soft boolean with the
highest magnitude. We define an additional health metric that

Fig. 10. Box plot for soft boolean distances Δb (difference between highest
and second highest) for correct and wrong model selections based on ground
truth. Left: Raw samples, 1690 correct and 60 incorrect selections with two
false positives for the wrong choice category within 1750 samples. Fig. 12 is
used to determine thresholds for loss parameters in order to remove such outliers.
Right: Samples with removed false positives based on remaining loss term limits.
The green area shows a decision range with corresponding tradeoffs in precision
and recall (see Figs. 13 and 14). The best recall (91% ) at 100% precision
is reached with the red Bool-Decisions threshold Δb < 0.31, Lnorm < 0.2,
and Lstd < 4.1. Data: 1750 samples, from sensitivity analysis (see Table IV).
Based on the health metric, 603 samples are rejected, with no remaining false
positives. Keep in mind that selected samples are intended to fail due to high
noise perturbations on the system inputs.

Fig. 11. Detailing of Fig. 12, shows the parameter evaluation of boolean
distance threshold against STD threshold (bottom), and STD threshold against
boolean distance (top). The objective is to find the threshold with the lowest
boolean distance and highest STD value to reach the highest recall at 100%
precision for the identification of false positives. Fig. 12 shows this evaluation
schematic for all parameters. Figs. 13 and 14 show a traditional precision-recall
graph, further refining the most meaningful parameters.

uses the distance between the highest and second-highest soft
boolean as well as the final values of the loss functions, which
define the soft boolean properties.

The distance between the two highest soft booleans correlates
with the certainty of a correct selection. The box plot in Fig. 10
illustrates this relation. The left side shows the boolean distances
for correct and incorrect choices based on ground-truth selectors.
The distances for the categorical “wrong choice” show a few
outliers, but the first quantiles for both distances do not overlap.
Keep in mind that the data used for this box plot is the same
as for the results of the sensitivity analysis with perturbed SNR
in Table IV. This data was designed to intentionally produce
false choices due to, in part, close to unrealistic high noise
perturbations on the system inputs.

Given the box plot, a naive choice for a decision threshold
would be at Δb > 0.62 labeled as the preloss term decision
threshold in Fig. 10. However, this includes two false positives
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Fig. 12. Matrix scatter plot with an overview of relevant final system parameters given 1750 samples from the previous sensitivity analysis. The graph is used to
determine a precursor for rejecting outliers and improving false positives based on parameter correlation and recall. The diagonal labels determine the axis labels.
Parameters such as loss terms are rejected if they are smaller than (∨) the threshold, and parameters such as boolean distances are rejected if they are greater than

(∧) the threshold. The left y-axis (L) relates to blue dots , representing a constraining parameter pair, and purple triangles indicating that a parameter pair is

not constraining. The right y-axis (R) relates to green dots , representing the recall in [%] for the individual parameter pair. Red plots indicate no results for any
parameter pair.

and rejects an unnecessarily high number of true positives. Thus,
in addition to outlier rejection, we also want to define a metric
that promotes a high recall (low false negatives) and 100%
precision (no false positives). In the following, we introduce
a metric to precondition the base of decision and filter deci-
sions based on remaining loss terms, residual of the model,
and the boolean distance for each selection. This health metric
will be deployed by rejecting results for which any individual
criteria does not hold and substantially improve the precision
( true positives

true positives+false positives ) and recall ( true positives
false negatives+true positives ) for

the decision making process.
The parameter space for the identification of meaningful

thresholds for the outlier detection in six dimensions is too
high for numerical evaluations. Because of this, we are using a
graphical representation in Fig. 12 that uses a scatter plot matrix
and the paradigm of precision and recall at its core. Here, we
can use multiple axes in two dimensions and identify opposing
effects of, e.g., remaining loss terms. We can observe, which
points of the value ranges do not retain 100% precision, and
can observe this behavior over all remaining loss terms for (Δb,
Lstd, Lnorm, Lpos, Lvec, and fsys).

The scatter plot matrix in Fig. 12 shows the same raw data as
the left side of the box plot (see Fig. 10). Fig. 11 is intended to
detail individual aspects based on the Δb, Lstd loss-terms.

The diagonal blocks of this matrix represent the pivot point
of a specific parameter. Scatter plots along a row of a respective

diagonal entry present the specific parameter on their left y-axis,
and plots along the column of this diagonal entry present the
same parameter on the x-axis. Each individual row and column
have the same axis scaling. Parameters such as the boolean
distance are included if they are greater than a threshold, in-
dicated by ∧, and parameters such as the remaining loss terms
are included only if they are below a threshold, indicated by ∨.

Markers within the plots represent the combination of both
parameters, which result in the highest recall at 100% precision.
The results are determined by fixing parameter values on the
x-axis and increasing the parameter value corresponding to the
y-axis to the last point where 100% precision is given. Because
the parameter for the y-axis does not always pose a constraint in
combination with the parameter of the x-axis, triangle markers
are used to indicate the case where no upper limit exists. Fields
marked in red indicate that no combination of the respective
two parameters allow 100% precision. Outliers can be visually
identified by cutoffs, causing longer straight lines, at higher
value ranges either on the upper or lower triangular of the full
plot matrix.

The purpose of this plot matrix is to identify parameter com-
binations of interest for further evaluation. Because the marker
for parameter pairs do not provide any information about the
corresponding recall value, data points for individual recall
values ranging from 0–100% according to the right y-axis are
added.
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Fig. 13. Precision/Recall, for dedicated Lstd over the soft boolean distance
threshold 0–1 and markers at dedicated distances. Lstd < 2.6 rejects all wrong
decisions independently of Δb at a lower recall 86% . The best result for 100%
precision is given at Lstd < 4.1 and a distance of Δb > 0.31 with 91% recall.

We are using loss terms, residuals, and the boolean distance
for this metric. Loss terms close to zero represent the most
accurate results, and high loss terms indicate that particular
properties and constraints could not be retained. The opposite
holds for the boolean distance. The bigger the distance, the more
certain the decision is. Generally, we require thresholds that are
as constraining as necessary but as inclusive as possible to retain
a high recall.

The matrix plot shows that there is no meaningful combi-
nation between the loss-terms Lnorm, Lpos, and Lvec because
there is no parameter combination to produce a valid result at
100% precision. Outliers can be visually inferred forΔb = 0.65,
Lstd = 1.49, Lnorm = 0.2, and fsys = 8.57. The matrix plot in-
dicates that the most meaningful parameters for outlier rejection
and maximization of the recall at 100% precision are Lstd and
Lnorm because it shows the highest recall at 65% .

We can also see that Lstd together with Δb indicates a more
dynamic parameter range that can allow for further improve-
ment. Thus, we are applying the first criteria to the individual
results (Lnorm < 0.2) and generate precision/recall graphs for
Δb, depending on Lstd to further detail their effect on the recall
after the precursor was applied.

Fig. 13 shows the precision/recall graph for dedicated Lstd

thresholds while varying the boolean distance threshold. It can
be seen that a strong limitation of Lstd < 2.6 eliminates all
incorrect choices at 100% precision, but at the cost of a low recall
due to unnecessarily removed true samples. The best recall (91%
) while maintaining 100% precision is reached for Lstd > 4.1
and Δb = 0.31.

Fig. 14 shows the same data for individual boolean distances
but varying Lstd. A recall plateau is reached for higher STD
loss thresholds. Note that Lstd does not decrease the boolean
threshold further. However, it reduces the number of samples in
the false negative and true negative categories, thus allowing for
an increased recall and a redundant multiparameter method, pro-
viding a robust health metric. The right box plot of Fig. 10 shows
the statistic for the boolean distances with the full prefiltering
of samples applied Lnorm > 0.2,Lstd > 4.1,Δb = 0.31. The
green area marks the improvement of the decision range for

Fig. 14. Precision/Recall, for dedicated soft boolean distances ranging over
Lstd. The red precision graph for a distance of Δb = 0.31 remains at 100%
precision below Lstd < 4.1 as the best threshold.

TABLE VI
COMPARISON OF FINAL CALIBRATION AND REFERENCE STATES FOR THE

POSITION SENSOR MODULE

correct choices, providing zero false positives and corresponding
recalls according to Figs. 13 and 14.

The presented health metric allows for the detection of all false
choices with zero false positives. Should a selection be identified
as incorrect, the procedure for stage 1 can be rerun with modified
initial values to reach a correct choice within the optimization
landscape. Therefore, the presented method can be used with raw
data in contrast to [7] and [10], which requires a preprocessing of
data and possible loss of information to improve noise resilience.

C. Reference Frame Determination and Calibration States

We will demonstrate the benefit of the reference frame deter-
mination based on the position sensor module. Calibration states
are defined by the IMU to sensor translation pis = [0.3, 0.5, 1.0]
and, in case one is given, the reference frame prw = [10, 0, 0]
and ωrw = [0, 0.8727, 0] corresponding to [0, 50, 0] ◦ in Euler
angles.

The evaluation is done based on four scenarios, with 10 dif-
ferent trajectories and numerically illustrated by Table VI. Two
scenarios in which no reference frame is required, once without
(w/o) additional constraint and once with Lref applied (w/Lref ).
The two other scenarios, in contrast do require a reference frame
and are also evaluated once without reference frame constraint
and once with Lref .

Table VI shows the improvement in the cases where the
additional loss term Lref was applied. Refining the reference
frame also positively affects the accuracy of the calibration pis.
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TABLE VII
AVERAGE EXTRINSIC CALIBRATION ERRORS FOR ALL SENSOR MODULES

BASED ON 10 TRAJECTORIES

In case a reference frame exists, the accuracy of this frame is
improved. In case no reference frame is required, the basis for
this decision becomes more clear due to a marginal remaining
norm of 3·10−5.

The error of the final calibration states is evaluated based on
the same 10 trajectories as for the reference frame determination.
Table VII shows the averaged errors for the individual calibra-
tions. The absolute calibration errors show sufficient accuracy
for the given noise parameters and thus, the initial guess of the
calibration states are beneficial for the initialization of, e.g., an
EKF.

D. Real-World Application (UAV)

The previous sections used simulated noise-affected data with
dynamic trajectories to demonstrate and evaluate the presented
method on sensor model identification. The following experi-
ment is intended to show the application of this approach to real-
world data. For this purpose, we use a larger-scale outdoor-to-
indoor transition trajectory from the INSANE datasets [16]. The
dataset used a quadcopter that was designed for nonagile flight
maneuvers and, therefore, the flight segment of the trajectory
has only little dynamic movement and no noteworthy orientation
excitation. However, the trajectory does have an initial segment
where the quadcopter was excited by hand in 6-DoF, and then
placed on the ground for a consecutive flight.

The objective is to detect a global velocity sensor, representing
a vector element, and a magnetometer as a rotational component.
The magnetometer (@80Hz) is mounted close to the center of
the vehicle. The ground truth calibration, given by the dataset,
was performed with dedicated rotational excitation. The velocity
measurements are provided by a GNSS sensor (@8Hz), which
is mounted off center on a larger beam at a distance of 0.56m
from the IMU. The localization information of the vehicle is
generated, using the MaRS framework with two GNSS sensors
as an input. The sensor data for the gray-box identification
remained unprocessed and is directly passed to the identification
approach.

We chose to perform the experiment for the magnetometer and
velocity sensor identification for three segments. One for the ini-
tial phase, where the vehicle was excited by hand, representing
a realistic scenario where an unknown sensor model needs to
be identified and initialized on the ground, a second segment,
where a sensor model needs to be identified midflight, and a
more difficult third outdoor-to-indoor transition segment for the
velocity model, where the velocity signal degrades toward the
end of the trajectory. The graphs in Figs. 15 and 16 show the

Fig. 15. 3-D position of the full trajectory, estimated with the MaRS frame-
work. The bold highlighted sections are the initial and middle segments used
for the sensor model identification experiment.

Fig. 16. 2-D position and rotation estimates of the trajectory shown by Fig. 15.

estimated position and orientation for the full trajectory where
the selected segments are highlighted. The initial segment is 10 s
long (8 s–18 s), with 870 samples for the magnetometer and 80
samples for the velocity sensor. The middle segment is 20 s long
(70 s–90 s), with 1756 magnetometer and 160 velocity samples,
and the transition segment is 50 s long (120 s–170 s) with 400
velocity samples. The middle segment is chosen to be longer
and for a period where a rotation in yaw occurred because we
need to increase the information given by the unknown signal,
given the moderate flight pattern. As mentioned before, for real-
world scenarios, the addition of sensors mid-flight could benefit
from intentionally performing short maneuvers that increase the
quality of observability for improved detection [17].

Figs. 17 and 18 show the raw magnetometer and velocity mea-
surements with the highlighted test segments. The estimated core
state and the unknown sensor signal samples are synchronized
to the sensor timestamps and used as input to the sensor model
identification approach.

The sensor model identification was successful in all four
cases. The evaluation of the experiments is done based on a
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Fig. 17. Unprocessed GNSS velocity measurements with the highlighted
section, which are used for the sensor model identification experiment.

Fig. 18. Unprocessed magnetometer sensor measurements in counts. The
highlighted section is used for the sensor model identification experiment.

TABLE VIII
VALUE OF THE SOFT BOOLEAN SELECTORS AND THE DISTANCE TO THE

SECOND HIGHEST BOOLEAN FOR BOTH SENSORS AND TRAJECTORY SEGMENTS

number of parameters: The final soft booleans for the selection,
the error of the calibration states, and the RMSE for the sensor
measurement compared to the resembled measurement based on
the parameterized sensor model.

The final boolean selector and the distance to the second
highest boolean, shown by Table VIII, are unambiguous and
true-positives according to the health metric (see Section V-B).
Tables IX and X show the estimated calibration state of the two
sensors after stage two of the identification process (see Fig. 2).
The calibration for the magnetometer shows minor errors for
the estimation of the rotation for the rigid-body calibration Rim,
which has an angle error of2.953 ◦ for both, the initial and middle
part of the trajectory. However, the declination of the estimated
magnetic field expressed in the world framemw has a noticeable
error of 15 ◦, which is due to only minimal excitation of the roll
and pitch angle for both data segments.

The rigid body translation between the IMU sensor and the
velocity sensor piv also shows plausible error margins. In gen-
eral, the error for the z-axis is higher (∼ 20 cm) for both data
segments. This is due to the fact that the true calibration of
the sensor is negligible for its z-component. Because of this,
a high angular velocity around a directional vector from the

TABLE IX
COMPARISON OF THE TRUE MAGNETIC FIELD VECTOR EXPRESSED IN THE

WORLD FRAME mw AND THE RIGID-BODY ROTATION Rim TO THE ESTIMATED

RESULTS, USING THE PARAMETERIZED SENSOR MODEL, IDENTIFIED BY THE

SENSOR MODEL IDENTIFICATION APPROACH

TABLE X
ESTIMATED AND MEASURED CALIBRATION OF THE RIGID BODY TRANSLATION

BETWEEN THE IMU AND THE VELOCITY SENSOR piv

TABLE XI
TABLE SHOWS THE RMSE FOR THE COMPARISON OF THE RAW

MAGNETOMETER AND VELOCITY MEASUREMENTS AND THE CALCULATED

MEASUREMENT ESTIMATES

IMU to the sensor would be required to correctly estimate this
parameter [18]. Yet, the high leaver-arm of 0.56m of the x and
y-component allows for well-observable x and y-calibration,
shown by the low error for the initial phase. On the contrary,
the y-component for the mid-flight data segment shows a higher
error due to the lack of roll and pitch excitation during flight.
Despite the small errors for the calibration states, the overall
RMSE, shown by Table XI for the individual data segments, is
reasonable.

As mentioned in the introduction, the sensor model identifi-
cation approach is meant to automate the process of integrating
a sensor into a state estimation framework, possibly to the extent
where this is done online. Thus, in the following, we are using
the MaRS framework, which utilizes two GNSS sensors for the
estimate of the core states during the whole sequence of the
trajectory, and introduce the previously identified sensor models,
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Fig. 19. Graphs show the convergence of the magnetometer calibration states:
the reference of the magnetic field expressed in the world frame magw , and the
rigid body magnetometer sensor orientation with respect to the IMU sensorRim.
The magnetometer is added to the MaRS framework during runtime at t = 90 s
with the initial guess of the sensor model identification approach. This plot shows
that the calibration states converge toward the correct values despite an initial
estimate with a slightly higher error, as shown by Table IX. This scenario is
particularly difficult because the calibration states require more agile rotational
movement to converge correctly, and the given trajectory only has moderate
movement.

in two separate experiments, with the initial guess from the
calibration stage at t = 90 s.

The result for the integration of the magnetometer sensor is
shown by Fig. 19. This graph illustrates the convergence of the
magnetic field vector mw and rigid-body rotation Rim. It can
be seen that both calibration states converge toward the true
value. This is an improvement compared to the initial guess but
not a convergence as might be expected. There are two reasons
for this slight discrepancy. One is the lack of orientational
excitation, which limits the quality of convergence. The second
is more predominant and due to the intrinsic calibration of the
magnetometer sensor. It needs to be noted that the normalized
measurements of a magnetic field vector lie on a unit sphere;
however, magnetometer suffer from hard- and soft-iron errors,
which cause an offset and distortion of this sphere and require
dedicated compensation [19]. This compensation is done for
the generation of the ground truth calibration of the sensor, but
not for the measurement input to the sensor model identification
approach. This is done to maintain a fair comparison because the
input measurement is meant to be unknown and unprocessed.

The result of integrating the velocity sensor is shown by
Fig. 20. The distinct changes in velocity (see Fig. 17) result
in a clean convergence of the rigid body calibration piv, which
compensates for the small error of the initial guess given by the
sensor model identification approach.

Overall, the given sensor types have been reliably detected in
both real-world cases. The boolean selectors show a high value,
which indicates a low ambiguity in the selection process despite
the fact that the data was prone to observability issues for both
sensor types. The estimate for the initial guess of the sensor
calibrations showed small errors after completing the sensor

Fig. 20. Convergence of the rigid body velocity calibration states with the
position of the sensor with respect to the IMU frame piv. The sensor is added
to the MaRS framework during runtime at t = 90 s with the initial guess of the
sensor model identification approach. This plot illustrates that the calibration
states converge toward the correct values despite a higher error for the initial
guess, as shown by Table X.

parameterization stage. However, the consecutive integration
of the parameterized sensor models to a state estimator during
runtime showed that the self-calibration of the sensor states
further improve the sensor’s rigid body calibrations.

This method can be improved by using observability-aware
motion generation [20], either during the time of the sensor
model identification or the later refinement of the calibration
states by the recursive filter. However, this is out of the scope of
the presented experiment.

The previous experiments showed an example with undis-
turbed real-world sensor data. The following experiment will
show that the identification approach can also identify a model
if real-world data with an increased noise profile is given. For
this case, we are using the same dataset and choose the outdoor-
to-indoor transition sequence between 120–170 s to identify a
velocity sensor.

During this time, the vehicle is moving along the front of
a building and enters the building at the end. Thus, the raw
velocity measurement (see Fig. 17) shows a higher noise due
to shadow-casting and multipath effects (urban canyoning) and
distinct outliers at the end of this sequence because the GNSS
signal is dropping out. Therefore, one part of the given measure-
ment sequence is ill-conditioned and the second part is becoming
invalid.

Note that the estimate of the vehicle state is based on a
multisensor and sensor switching setup including GNSS, VIO,
Magnetometer, and an indoor motion capturing system. The
interested reader is referred to [16] for the detailed setup of
the filter. Thus, the estimate of the vehicle localization can be
assumed to be correct for the entire period and only the GNSS
data stream becomes invalid at the end.

Table VIII shows that the velocity sensor model is correctly
identified, confirmed by the boolean selector. Compared to the
results for the initial and middle segment, Table X shows an
increased error for the estimation of the calibration states for the
transition scenario. This is due to the higher noise floor and lack
of orientation, leading to poorly observable calibration states.
Table XI also shows an increased RMSE due to the significantly
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Fig. 21. Reprojection of the correctly identified velocity sensor model and its
ground truth as well as the corresponding error plot. Despite the fact that the
given real-world measurement sequence has increased noise and partially invalid
measurements at the end, the resembled data generally matches the true signal.
However, the plots show jitters due to the increased error for the estimated
calibration states, which is a result of the erroneous real-world measurement
sequence.

higher noise of the measurement signal that we are compar-
ing against. However, the correct sensor model identification
shows that the proposed approach also works with realistically
ill-conditioned real-world data. Fig. 21 shows the corresponding
overlay of the ground truth for the measurement signal, and the
estimate, based on the identified sensor model and parameters
for the calibration states as well as the error over time.

E. Real-World Application (Ground Vehicle)

While the previous section demonstrates the approach to
sensor model identification for a UAV use case, this section
presents an experiment for a ground vehicle. We are using the
same filtering framework (MaRS [1]), which uses an IMU as
the primary sensor and, therefore, renders the state dynamics
agnostic to the robotics platform. Thus, the estimates of both
vehicle localizations scenarios are similar in characteristics.
However, the importance of this experiment lies in the profile
and dynamic of the trajectories for the robotic vehicle itself. In
this case, the trajectory is moderate in excitation and bound to the
ground plane which poses a significant aspect for the validation
of the proposed algorithm.

We are using sensor data from a car that drove monotonously
(i.e., cruise control) with an average speed of 55 kmh−1 along
a trajectory of 64 km with mainly straight elements and three
dedicated turning points as shown by Fig. 22. The car was
equipped with an IMU (@200Hz), GNSS (@5Hz) measuring
position and velocity, and a magnetometer (@40Hz). The IMU
and GNSS information is used for the base of the localization
algorithm, using the MaRS framework, which provides the
system input to the sensor model identification approach.

For the overall experiment, we are using the magnetometer
measurements of the highlighted Δt = 60 s trajectory segments
for the sensor model identification. The estimated position
and rotation of the trajectory is highlighted in Fig. 23, with
corresponding magnetometer measurements shown by Fig. 24.
All segments have rotational information in yaw and negligible
excitation in the roll and pitch direction since the vehicle is
bound to the ground and the experiment area was flat. Segment

Fig. 22. 3-D trajectory of the ground vehicle position estimated with the MaRS
framework. Bold segments highlight the four evaluation sequences for the sensor
model identification.

Fig. 23. 2-D position and orientation of the estimated ground vehicle trajectory
with highlighted sections corresponding to sequences in Fig. 22.

Fig. 24. Raw magnetometer sensor measurement with highlighted sections
used for the sensor model identification approach.

one contains a short turn of 45 ◦, segments two and three have a
turn of close to 90 ◦, and segment four has a turn of 120 ◦.

These segments are intentionally chosen because they contain
rotational information. This is justified by the earlier statement
that the properties of the trajectory need to render the states
of the sensor observable, which is given by the orientational
excitement in the turning points of the trajectory. Otherwise,
the self-calibration state mw shown in (9) is unobservable. We
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TABLE XII
TABLE SHOWS THAT THE MAGNETOMETER SENSOR MODEL IS CORRECTLY

DETECTED FOR ALL FOUR SEQUENCES

TABLE XIII
COMPARISON OF THE TRUE MAGNETIC FIELD VECTOR EXPRESSED IN THE

WORLD FRAME mw AND THE RIGID-BODY ROTATION Rim, TO THE

IDENTIFIED SENSOR MODEL AND ESTIMATED CALIBRATION STATES

TABLE XIV
TABLE SHOWS THE RMSE FOR THE COMPARISON OF THE RAW

MAGNETOMETER MEASUREMENTS VERSUS THE CALCULATED MEASUREMENT

ESTIMATES, BASED ON EQUATION (9) AND THE PARAMETERIZATION

DETERMINED BY THE IDENTIFICATION PROCESS

refer the interested reader to previous work in [15] for a detailed
analysis.

The results show that the sensor model identification approach
correctly identified the magnetometer model based on the given
measurement data for all four experiment sequences. The correct
identification is validated by Table XII showing that the soft
boolean selector provides a clear decision with an unambiguous
distance to the second soft boolean.

Keep in mind that this particular example is meant to show that
a sensor model, such as the magnetometer, can also be identified
with insufficient rotational excitement in all three axes, posing
a low quality in observability of the calibration states. While
the identification of the model was correct for the presented
experiments, the lack of roll and pitch excitement did not allow
to clearly restrain the relation between Rim and magw causing
higher errors for the estimated calibration states. This is shown
by Tables XIII and XIV, respectively.

The estimates of magw and Rim show an error in the range of
20 ◦, which may be acceptable for the initialization of a filter if
the remaining trajectory would provide sufficient orientations to
allow the convergence of the calibration states. However, since
the properties of the trajectory are known by design (i.e., a car
on flat grounds), and the requirements on observability for the
magnetometer model are known, a high-level decision can be
made to only include the sensor upon rotational excitement.

VI. FUTURE WORK

In terms of future work, we showed that it is possible to
identify sensors based on an extended catalog of known sensor
models. This could be extended by future work to explore a
more granular approach. Lessons learned while developing the
current approach are, that more granular selectors for sensor
model components quickly lead to model overdetermination and
nonapplicable sensor models due to observability constraints
caused by shared observability of codependent states. We eval-
uated a system setup where each sensor state was defined as
a shared state between models, but the results were limited in
terms of robustness. In addition, if a sensor model has additive
components that can be obscured by the noise floor (SNR), then
detection against other model hypotheses is difficult and not
robust because they are not distinguishable. While this indicates
that the system definition can not be oversimplified, future
research could further isolate components of the measurement
information to be more decoupled from known measurement
models, and design models that include latent, nonintuitive
states. The presented approach can also be extended and adopted
to address challenges in fields outside of the robotics community,
e.g., neuroscience, bio-engineering, or logistics.

VII. CONCLUSION

The introduced approach allows us to infer a sensor model by
providing the current state of a vehicle and a corresponding series
of sensor measurements. The selection can be validated by the
introduced health metric, defined and validated by an extensive
cross-examination of final optimization losses and selection
parameters, utilizing a scatter-plot matrix to maximize the recall
of the metric at a 100% precision. The approach also allows us
to reliably decide if a reference frame for sensor measurements
is required or not. As a result, the removal or introduction of a
reference frame as a possible calibration state showed improved
accuracy for the remaining calibration parameters in both cases.
The inference of an initial guess for state calibrations of the
formally unknown measurement signal is sufficiently accurate
for the initialization of a localization algorithm, which was
proven through the application in a real-world scenario. We
did not identify any severe shortcomings. The exposed failure
modes only occur in scenarios in which the measurement noise
of individual components is unrealistically high.

This method is helpful for inexperienced users who need to
identify the source and type of measurement, sensor calibrations,
or sensor reference frames. It will also be important for the au-
tomated integration of sensor modalities in the field of modular
multiagent scenarios and modularized robotic platforms that are
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augmented by sensor modalities during runtime, ensuring a more
accurate and robust integration of new sensor elements. Overall,
this approach aims to provide a simplified integration of sensor
modalities to downstream applications and circumvent common
pitfalls in the usage and development of localization approaches.
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