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LEARNING STATE-DEPENDENT SENSOR
MEASUREMENT MODELS FOR
LOCALIZATION

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims the benefit of U.S. Provisional
Application No. 62/767,581 filed Nov. 18, 2018, the entire
contents of which is hereby incorporated herein by refer-
ence.

BACKGROUND

In the context of real-world mobile robots, state estima-
tion is the problem of estimating the state of a robot.
Typically, states such as the exact location of a robot and the
exact locations of obstacles in a robot’s environment are not
directly observable. However, such states can be inferred
from sensor measurements. A robot can rely on sensor
measurements to infer its state and the state of its environ-
ment. Unfortunately, sensor measurements can be noisy and
the amount of noise can vary with state. Various methods of
estimating and iteratively adapting measurement noise over
time can be performed. However, those methods do not
assume that measurement noise is stochastic and they do not
estimate sensor measurement bias and noise based on state.
It would be preferable to estimate noise and bias based on
state of the robot.

BRIEF DESCRIPTION OF THE DRAWINGS

For a more complete understanding of the embodiments
and the advantages thereof, reference is now made to the
following description, in conjunction with the accompany-
ing figures briefly described as follows:

FIG. 1 illustrates an architecture of a mixture density
network capable of generating an arbitrary probability dis-
tribution upon some input according to various example
embodiments.

FIG. 2 illustrates robots and landmarks according to
various embodiments of the present disclosure.

FIG. 3 is a graph of a cumulative distribution showing
positions errors between the state estimates and the ground
truths for example trials according to various embodiments
of the present disclosure.

FIG. 4A-C are graphs showing how EKF+MDN-o? and
EKF+MDN-uc® performed when compared with sEKF
according to various example embodiments.

FIG. 5 is a schematic block diagram that illustrates an
example computing device according to various embodi-
ments.

The drawings illustrate only example embodiments and
are therefore not to be considered limiting of the scope
described herein, as other equally effective embodiments are
within the scope and spirit of this disclosure. The elements
and features shown in the drawings are not necessarily
drawn to scale, emphasis instead being placed upon clearly
illustrating the principles of the embodiments. Additionally,
certain dimensions may be exaggerated to help visually
convey certain principles. In the drawings, similar reference
numerals between figures designate like or corresponding,
but not necessarily the same, elements.

DETAILED DESCRIPTION

In the following paragraphs, the embodiments are
described in further detail by way of example with reference
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2

to the attached drawings. In the description, well known
components, methods, and/or processing techniques are
omitted or briefly described so as not to obscure the embodi-
ments. As used herein, the “present disclosure” refers to any
one of the embodiments described herein and any equiva-
lents. Furthermore, reference to various feature(s) of the
“present embodiment” is not to suggest that all embodiments
must include the referenced feature(s).

Among embodiments, some aspects of the present dis-
closure are implemented by a computer program executed
by one or more processors, as described and illustrated. As
would be apparent to one having ordinary skill in the art, one
or more embodiments may be implemented, at least in part,
by computer-readable instructions in various forms, and the
present disclosure is not intended to be limiting to a par-
ticular set or sequence of instructions executed by the
processor.

The embodiments described herein are not limited in
application to the details set forth in the following descrip-
tion or illustrated in the drawings. The disclosed subject
matter is capable of other embodiments and of being prac-
ticed or carried out in various ways. Also, the phraseology
and terminology used herein is for the purpose of description
and should not be regarded as limiting. The use of “includ-
ing,” “comprising,” or “having” and variations thereof
herein is meant to encompass the items listed thereafter,
additional items, and equivalents thereof. The terms “con-
nected” and “coupled” are used broadly and encompass both
direct and indirect connections and couplings. In addition,
the terms “connected” and “coupled” are not limited to
electrical, physical, or mechanical connections or couplings.
As used herein the terms “machine,” “computer,” “server,”
and “work station” are not limited to a device with a single
processor, but may encompass multiple devices (e.g., com-
puters) linked in a system, devices with multiple processors,
special purpose devices, devices with various peripherals
and input and output devices, software acting as a computer
or server, and combinations of the above.

In the context of mobile robotics, state estimation is the
problem of determining the state of a robot in its environ-
ment. Since robots cannot estimate their states directly, they
rely on sensor measurements to infer some information
about their states and their environment. Unfortunately,
sensor measurements are noisy and the amount of noise can
vary with robot and environment states. To lessen the effect
noisy measurements have, many researchers have developed
techniques that estimate measurement noise and iteratively
adapt the estimated noise based on internal information from
the robot as it moves throughout an environment. However,
these techniques do not learn a sensor’s measurement model
directly from sensor measurements and, as a result, may not
be able to stochastically estimate sensor bias or noise based
on varying robot and environment states. In this disclosure,
methods are proposed that: 1) learns measurement models
directly from sensor measurements in the field and 2)
stochastically estimates measurement bias and noise condi-
tioned upon a robot’s state and the state of its environment.

Various methods, systems, and mediums can be used to
determine a noise and bias for a sensor. A computing device
can execute an application to determine the noise and bias.
An input vector can be received. A parameter vector can be
generated based at least in part on a feed-forward neural
network. Components can be determined using the param-
eter vector based at least in part on a mixture model. A
conditional probability density function can be generated
based at least in part on the conditional probability density
function. The input vector can correspond to a vector

29 <,
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encoding information about a state of the robot. The state of
the robot can correspond to a computing device, such as a
computing device located in the robot. In some embodi-
ments, the one or more computing devices are located
remote from the robot while one or more computing devices
are located with the robot.

The computing device can generate a map of an environ-
ment of the robot. A mixture model can be trained using a
collection of sensor measurements and state information
about an environment when the collections of measurements
were produced. The noise can be Gaussian distributed. The
conditional probability density function can be based on an
Extended Kalman Filter. The computing device can generate
a noise and bias for the sensor based on the conditional
probability density function.

1. Introduction

Although sensors play an integral role in estimating the
state of a robot, the measurements from the sensors are
generally imperfect because the measurements contain some
amount of noise. For example, consider a small autonomous,
mobile manipulator that uses an onboard camera to measure
its bearing to nearby obstacles. Each time such a robot
measures its bearing to an obstacle, it can observe a different
bearing measurement due to a number of reasons (for
instance, imperfections in the robot’s camera). This, in turn,
can translate into noisy estimates of the robot’s state. And
noisy state estimates can cause hazardous situations. For
example, the robot may estimate that it is further away from
an obstacle than it really is and, as a result, can collide with
the obstacle. This example illustrates that robots need an
estimate of the amount of noise a sensor measurement can
have so that they can determine how much they should trust
a measurement.

However, simply knowing the general amount of noise a
sensor measurement can have is not enough because the
amount of noise in measurements can also vary depending
on the states of the robot and its environment. For example,
a combination of environment lighting and a camera lens
imperfection can cause nearby, off-centered obstacles to
appear further off to the side than they really are. This, in
turn, can produce bearing measurements with high bias and
high uncertainty. However, when obstacles are centered and
far away, the robot may not experience the same issue as
before—therefore, the robots measurements may have rela-
tively less bias and less uncertainty. This example implies
that simply knowing the general amount of measurement
noise is not enough. Instead, a robot must be able to estimate
the bias and confidence of each measurement given its state
and the state of the environment.

In the context of mobile robots, robots can employ
algorithms called filters to predict their states as they move
in an environment and to infer their states from sensor
measurements whenever the measurements become avail-
able. To predict a robot’s state as it moves and to infer its
state using measurements, filtering algorithms can use a
process model and a measurement model, respectively. The
measurement model can be used for the disclosed embodi-
ments. In some embodiments, a focus can be made on the
measurement model of the Extended Kalman Filter (EKF).
Included is a demonstration of how one can modify an
EKF’s measurement model to employ a state-dependent
sensor measurement model for localization.

The Extended Kalman Filter can use a measurement
model to infer a robot’s state. The EKF’s measurement
model is mainly composed of two terms: h(x), the measure-
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ment (or output) function, and Q, the covariance of the
measurement noise. Generally, h(x) is an a priori, human-
derived function that maps a robot’s state to a sensor
measurement. The output of h(x) is z, which represents a
measurement a robot would observe if it had the state x.

Q, the covariance of the measurement noise, quantifies the
amount of noise a sensor’s measurement contains. Q is can
be initialized using several methods. Some methods include:
performing sensor calibration; choosing a set of values that
are near zero and are adapted later; using trial and error to
select an Q that yields the smallest error; and using the least
squares estimation to compute the covariance from the
residuals between the sensor measurements and the ground
truth measurements.

When it comes to using Q in the EKF, different methods
can be used for applying the covariance of the measurement
noise. In one method, an assumption can be made that
assumes Q is constant and does not change while the filter
runs. In some applications, a constant Q works. But gener-
ally a constant Q can lead to filter divergence. Therefore, Q
is typically adapted.

In another method, Q can be adapted as the EKF runs.
Several techniques can be used to adapt Q in the EKF. These
techniques include Bayesian, Maximum Likelihood based
on the innovation, Covariance Matching, and Correlation
Techniques, among others. Typically, these methods involve
adapting Q based on statistics computed from the EKF’s
equations. For example, covariance matching maintains a
windowed, running average of the residual between a sensor
measurement and an expected measurement from h(x).

These methods have at least one of several drawbacks: a)
they solely rely on internal filter information to estimate the
measurement noise and, therefore, do not directly capture
how state correlates with measurement bias or noise; b) they
do not stochastically estimate measurement bias and noise;
or ¢) they do not directly estimate measurement bias and
noise.

Therefore, methods, systems, and mediums are presented
that can be based on state-dependent sensor measurement
models, which is a model that can learn to estimate a
sensor’s measurement probability density function (p.d.f.).
Although the disclosed embodiments may be described as a
method at times, it is understood that these methods can be
implemented in a system, such as on a computing device
with a processor and memory, or non-transitory computer-
readable medium. The advantages of the disclosed embodi-
ments over the previous methods are: a) it assumes mea-
surement uncertainty is stochastic and can vary with state; b)
it can estimate a different measurement probability density
function, expected measurement, and expected measure-
ment uncertainty for different states; c) it alleviates the need
for precomputing measurement uncertainty; and d) it does
not need to run alongside a filter to learn measurement
uncertainty and it is filter agnostic. The following contribu-
tions can be considered, among others:

Methods for learning a sensor’s measurement probability
density function, p(zIA), using state-dependent sensor
measurement models.

The use of mixture density networks to learn a sensor’s
measurement p.d.f.

The use of state-dependent sensor measurement models
with the Extended Kalman Filter.

Using state-dependent sensor measurement models for
localization using the Extended Kalman Filter and a
robot dataset.
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II1. Learning State-Dependent Sensor Measurement
Model

A. State-Dependent Sensor Measurement Models

According to various embodiments, state-dependent sen-
sor measurement models can be used to reduce noise and
bias. A state-dependent sensor measurement model can be a
parametric model that learns to estimate a sensor’s measure-
ment probability density function (p.d.f), p(zIA). The input
to the model can include the states of the robot (that houses
the sensor) and the robot’s environment, A. The output of the
model can be an estimate of a sensor’s measurement p.d.f.
p(zIA). Since an input state and an output measurement may
have different representations, a state-dependent sensor
measurement model can also learn to map from a state space
to a sensor’s measurement space. In addition, for each state
A a state-dependent sensor measurement model can estimate
a different measurement p.d.f., p(zlA).

Since the output of a state-dependent sensor measurement
model in some embodiments is a p.d.f, one can use the p.d.f.
in several ways. Some examples include sampling measure-
ment values, computing the probability of a measurement z
occurring, and calculating a central tendency and uncer-
tainty of a measurement z (such as a mean and a variance).

State-dependent sensor measurement models also have a
few other properties. The models can be used with many
filtering algorithms (such as the Particle Filter). A learned
model can be local to a sensor and, therefore, can be used on
other platforms that employ the sensor the model learned
from. A learned model can also be used in unknown envi-
ronments as long as the state representation is sufficient
enough to describe measurement bias and uncertainty. Look-
ing beyond state estimation, the disclosed methods can also
help identify states that may affect sensor measurement bias
and uncertainty.

B. Learning State-Dependent Sensor Measurement Models

The models can learn to estimate a sensor’s measurement
p.d.f, p(zIr), through training on a collection of sensor
measurements that were observed at a corresponding col-
lection of states. Let A=[A;, A,, . . ., Ay] represent a set
where each member describes the states of a robot and the
robot’s environment. Let Z=[z,, z,, . . . , Z,] denote the set
of sensor measurements where z, was observed at state A
Let D represent a set that pairs the measurements, Z, with
their corresponding states, A. That is, D=[(z,A),,
(Z,\)5s - - ., (Z,M)5] and its members are independently and
identically distributed. And let f{(zIh;w) denote a state-
dependent sensor measurement model with trainable param-
eters, w. f(zIA;w) can learn to approximate p(zlA) through
learning a set of parameters, w, that maximizes the likeli-
hood of observing the data D. Written formally, the model
can be trained by maximizing the likelihood function:

LOW = F@1s 220 oo > 20 Ao A o L Ay W) = m

N N
[TrGe 2w =TT falagmiag
g=1 g=1

where [(w) is the likelihood function, f(z A ;w) is the
state-dependent sensor measurement model that is being
trained, and f(A)) is the prior distribution of the states set A.
However, in practice one usually minimizes the negative log
likelihood: E=-In(L).

Since a state-dependent sensor measurement model learns
directly from a sensor’s measurements and the states at
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which the measurements were observed, the model param-
eters, w, also learn how the input state correlates with
measurement bias and uncertainty. As a result, the trained
models can learn to estimate conditional measurement bias
and uncertainty. In addition to measurement uncertainty,
learning measurement bias can be utilized because a priori,
human-derived sensor measurement models do not capture
how states and partial sensor calibrations affect measure-
ment bias. As a result, these unmodeled correlations may
cause a filtering algorithm to over- or underestimate mea-
surement updates when correcting a robot’s estimated state.
C. Mixture Density Networks

With reference to FIG. 1, shown is an illustration of an
architecture for a mixture density network. This probabilis-
tic model can generate an arbitrary probability distribution
p(tlx) conditioned upon some input x. A mixture density
network (MDN) is a model that combines a feed-forward
neural network with a mixture model. In an MDN, the
mixture model can serve as the network’s output layer and
the network’s output can be a parameter vector y. This
parameter vector can contain a set of parameters that com-
pletely describe how the target data was generated. As a
result, the mixture model layer can facilitate an MDN to
represent arbitrary probability distributions of a desired
quantity, t, conditioned upon an input x. Such probability
distributions are defined by a linear combination of kernel
functions and are mathematically expressed as:

5 @
Pl = 3 aite|x)

i=1

where C is the number of kernel functions in the model,
a,(x) is the i-th mixing coefficient, Z,0.,(x)=1, and ¢,(x) is the
i-th kernel function. For simplicity, a Gaussian function can
be used as a kernel. Therefore, our kernel function, ¢,(tlx),
can be defined as:

it x)=

) IIt—ﬂ;(X)IIZ} ®

1
P T { 2o

where d is the number of dimensions in the vector t, and
0,(x) and 1,(x) represent the conditional standard deviation
and multivariate mean of the i-th Gaussian probability
density (FIG. 1). o,%(x) can be referred to as a common
variance and, unlike [1(x), the common variance can be
limited to one dimension. Since the MDN can use a Gauss-
ian kernel, the parameter vector y, the output of our MDN,
can include a set of C conditional, Gaussian Mixture Model
(GMM) parameters. Each set of GMM parameters can be
represented with the variables o,(x), 1,(x), and o,(x). In
addition, since these conditional variables can completely
describe a probability distribution p(tlx), a collection of
statistics about the distribution can be computed using the
values in the parameter vector. Statistics can be calculated
using an MDN
D. Learning Sensor Measurement Models with MDNs

A state-dependent sensor measurement model can be able
to: 1) map from an input state space to a measurement space,
2) model how an input state can affect measurement bias and
uncertainty, and 3) output an estimated sensor measurement
p.d.f. MDNs can be used as state-dependent sensor mea-
surement models because neural networks are regarded as
universal function approximators and MDNs output a set of
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parameters that can completely describe a probability den-
sity function, both of which fulfill our needs. In various
embodiments described herein, the input to an MDN, x, can
be a state, A, and the target, t, can be a measurement, 7.

To learn a sensor’s measurement p.d.f, an MDN can learn
a set of parameters, w, that maximizes the likelihood of
observing measurements Z at states A. With a set of mea-
surements and their associated states, D, equation (1) can be
used to find a set of parameters, w, that maximizes the
likelihood. An MDN can be trained through minimizing the
negative log-likelihood loss function, E.

2

where the pair (z,, A,) is the g-th input state and observed
measurement, and a,(»,) and ¢,z,A)) represent the i-th
mixture coefficient and Gaussian probability density func-
tion, respectively.

)
e=

c
—ln{z @i(Ag)di(zg | /lq)}]

i=1

IV. Using State-Dependent Sensor Measurement
Models for Localization

A. Extended Kalman Filter

With reference to the Extended Kalman Filter (EKF), it
can be assumed that a person having ordinary skill in the art
is familiar with the EKF, and will therefore the disclosure
only describes the process model, the measurement model,
and the other equations that collectively represent the EKF.

To describe the process and measurement model equa-
tions, it can be assumed that there is a robot with global pose
X, a measurement 7 that observed a landmark with a signa-
ture s, and u,, which denotes an odometry command u,. The
subscript k can be used to denote a time step during the
algorithm’s runtime.

As mentioned before, a standard Extended Kalman Filter
algorithm is governed by a nonlinear process model, x,=f
(X5 Up)+e,, and a nonlinear measurement model, z,=h(x,)+
3. The process model was defined as:

& ®)

Vi1 + vsin(@—1)Ar | + EZ

Xy + vecos(B,_Ar
= |5 |=

Ok 0/(,1 + kat 5,?

where X, is a robot’s current estimated state, v, and w,, are
components of an odometry command u,, X, is a previous
robot state, At seconds is the amount of the command was
executed for, and ,~[e%,, £, £°,]7 is the process noise. The
process noise can be assumed to be Gaussian distributed
with a mean of zero and a covariance of R. Using equation
(5), we defined the Jacobian of the process model, F,, as:

10 —Vi (0/(,1 )A[ (6)
Fr=|0 1 wvgcos(@p_y)Ar
00 1
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The measurement model was specified with:

M

V(@) + (Ays)?

[pi} [55 }
= = + 4
arctan 2((Ay*), (Ax®)) — 6 S

%

where p° is the relative range measurement, ¢ is the relative
bearing measurement, and Ax*=(x*-x) and Ay’=(y’-y) are
the position difference between a robot at position (x,y) and
observed landmark s at position (x°, y*). Like the process
noise, the measurement noise, 8,~[d,°, §,%]%, is also
assumed to be Gaussian distributed with a mean of zero and
a covariance of Q. Using equation (7), H,, the Jacobian of
the measurement model, was:

ap® ap° 8
dx dy
ap’  ay°
dx dy

H, =

and the elements of the Jacobian were computed as

ap* _ x-x 9)
ax ~ p*
9 y-y* (10)
ay ~ p
¢ _ ¥ -y an
ax T —x+ (- y)?
a¢* 1 (12)
3y s _ )2

Y (xs—x)+ (};\S _};)

The full list of equations for the Extended Kalman Filter
is as follows:

(13)

£ X1,t2)

PFyPr Fy+R, 14

viezi—h(%)

(15)

S=H P, +0; (16)

KxP IS5 an

X =%+ K vy

(18)

P k:(I_Kka)p I3

where %, is the estimated state after some action u,, P, and
P, are the estimated and corrected state error covariance
matrices (respectively), v, is the innovation, S, is the inno-
vation covariance, K, is the Kalman gain, and R, and Q,, are
the process and measurement noise covariances, respec-
tively.
B. Using State-Dependent Sensor Measurement Models
with the EKF

In this section, the description includes information with
respect to how to use state-dependent sensor measurement
models with an Extended Kalman Filter (EKF). Although
the description includes how to use mixture density net-

(19)
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works (MDNs) as a state dependent measurement model, the
discussion of how one can use an MDN with an EKF is
included in Section V below.

Recall that an EKF’s expected measurement can be
computed with the measurement function, Z,=h(A,)+d,, and
the uncertainty is represented with the covariance matrix, Q.
If f(z,Ih,;w) represents a trained state-dependent sensor
measurement model, the trained model can be used in one of
the following two approaches:

Approach 1: Using a state-dependent sensor measurement
model’s uncertainty with EKF. This method can use: 1)
the a priori output function, h(x,), to compute the
expected measurement, z;, and 2) f(z,/A;w) to com-
pute a conditional covariance of the expected measure-
ment, Q.(A\,).

Approach 2: Using a state-dependent sensor measurement
model’s expected measurement and measurement
uncertainty with EKF. This method can use f(z, A ;w)
to compute the expected measurement, z,(A,), and the
conditional covariance of the expected measurement,
Q).

In both approaches, given an input state A, the expected
value and variance of f(z,|A,;w) can be used to calculate a
conditional expected measurement z,(A,) and a conditional
covariance of the measurement noise, Q,(A,), respectively.
Q,(A,) is not the traditional static estimate of the measure-
ment uncertainty, Q. Instead, Q,(A,) can vary depending on
the state A,.

V. Evaluation and Results

A. Evaluation Dataset

With reference to FIG. 2, shown is an illustration of robots
and landmarks that can be used to collect data, such as, for
example in the MR. CLAM experiments. The University of
Toronto’s Institute for Aerospace Studies’ (UTIAS) multi-
robot cooperative localization and mapping (MR.CLAM)
dataset was used to compare the performance of our pro-
posed method. The MR.CLAM dataset was collected in a
static 15 mx8 m indoor, open-space environment during
nine separate experiments. Each experiment utilized five
iRobot Creates and 15 static, randomly-placed landmarks.
During each experiment, all five robots arbitrarily and
simultaneously moved throughout the open-space environ-
ment. The robots controlled their own movements using
velocity commands, which were issued at a rate of 67 Hz.
Each robot used its own onboard, monocular vision system
to identify and measure the range and bearing to landmarks.
A motion capture system, which was composed of ten Vicon
cameras, also tracked the global position of each landmark
and the global pose of each robot during each experiment.
FIG. 2 illustrates the robots and landmarks that were used in
each MR.CLLAM experiment.

The MR.CLAM dataset is comprised of timestamped logs
that were recorded by the motion capture system and the five
iRobot Create robots. The motion capture system recorded
timestamped logs of the global poses of each robot and the
global position of each landmark during each experiment.
Each robot recorded timestamped logs of its odometry
commands and measurements. Each odometry command is
composed of a linear velocity and an angular velocity. Each
measurement is composed of a relative range, a relative
bearing, and a signature, which is a numeric identifier that
specifies the landmark that the robot observed. The robots in
the MR.CLAM dataset observed both landmarks and other
robots. But for the purposes of this disclosure, only the
landmark-observed measurements were used.
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In this dataset, the motion capture system and each robot
recorded their logs independently of each other. Therefore,
the motion capture logs and the logs from each individual
robot do not have the same timestamps. Additionally, since
each robot’s odometry commands and measurements are
recorded at different rates each robot’s odometry log and
measurement log also have different timestamps.

B. Training MDNs to Estimate MR.CLAM Measurement
Models

Each robot’s sensor measurement p.d.f., p(zIA), can be
modeled with multiple single-component, univariate Gauss-
ian Mixture Density Networks. In total, ten MDNs were
trained where each of the five robots utilizes two MDNs. For
each robot, one MDN can estimate the range measurement
probability density, f,(plA;w), while the other MDN can
estimate the bearing measurement probability density,
f,(¢IA;w). Bach robot can have its own pair of range and
bearing MDN5s because it can be assumed that the measure-
ment probability functions amongst the five robots were not
the same.

The input to the MDNs was the state vector, A, that
encoded information about a robot’s state and the map of a
robot’s environment. Specifically, A=[Ax’, Ay’, 0]. Here, 0
represents a robot’s orientation. Ax* and Ay® represent the
position difference between a robot and the landmark with
signature s. The position difference was computed as
Ax*=x"-x and Ay*=y°-y respectively. In this case, the robot
pose (X, v, 0) is the true pose that was collected by the
MR.CLAM motion capture system.

The nine MR.CLLAM experiments were divided into four
subsets: training, validation, testing, and EKF evaluation.
Experiments 2, 3, 8, and 9 were randomly selected for
training, experiments 5 and 6 for validation, and experi-
ments 4 and 7 for testing. Experiment 1 was not included in
the training process. Since it was assumed that the measure-
ment characteristics were not the same amongst the five
robots, only the measurement and ground truth data for r-th
robot were used to train, validate, and test its range and
bearing MDNss. (For example, the first robot’s measurement
and ground truth data were only used to train its networks).

The ten MDNs have a homogeneous architecture. The
architecture is a multi-layer perceptron and it composed of
three layers in total. The first two layers have 25 units each
and the third layer has a single-component, univariate
Gaussian mixture layer with a Gaussian kernel. The first two
layers used tan h as their activation function. To estimate the
mixture coefficient o,(x), mean p(x), and standard devia-
tion 0,(x) in the mixture layer, we used the sofimax, linear,
and exponential activation functions, respectively.

During training, the Adam optimizer was used with a
learning rate of 1073, but the rest of the optimizer parameters
were left at their recommended values. Each network used
equation (4) (the negative log-likelihood) as its loss func-
tion, trained for 30 epochs, and was regularized using an L?
norm with a value of 107>, To implement, train, and use the
MDNs, the Keras neural network library was used with
TensorFlow as its backend. Due to the number of parameters
in the network, training each network took less than three
minutes on a quad-core CPU running at 3.10 GHz.

The time complexity of each network during inference is

20
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where L is the number of layers, i is the index of a layer, N,
is the input length (which is three in our case), and N,=(n,
n, ;+2n,) represents the number of operations needed to
compute a linear combination and activation for n, neurons.
The last term, 3N,, represents the number of operations
required to compute the mixture layer output.

C. Using Trained MDNs with the Extended Kalman Filter

In Section IV-B, two methods were mentioned in which a
trained, state-dependent sensor measurement model can be
used with an Extended Kalman Filter. The first method only
used a trained model to estimate the conditional uncertainty
of the measurement noise, Q,(A;). And the second method
used a trained model to estimate both the expected mea-
surement, z,(A,), and the covariance, Q,(A,).

Here, let f,(ply; w) (with shorthand 1) and T (¢l W)
(with shorthand f) denote a trained range and bearing
MDNs, respectively. As disclosed herein, both types of
networks have one component, are univariate, and output a
parameter vector y, which contains a conditional mean and
a conditional standard deviation. (The parameter vector y
also contains a mixture coefficient whose value will always
be 1 since each network only has one component). For the
first method, the EKF use equation (7) to compute the
expected measurement z,. However, here the EKF uses f
and {,, to compute the conditional covariance of the expected
measurement, Q,(A,). Q,(A,) was computed as:

{0 @n

Q) =

0 [efaof

where 6°,(A,) and G, (A, are the conditional standard
deviations from {, and f,, at time step k, respectively.

In the second method, the EKF uses f,, and f,, to compute
a conditional expected measurement Z,(A,) and a condi-
tional covariance of the expected measurement, Q.(A,).
Z,(\;) was calculated as:

22

HA)
Z%(A) =

ren)

where u(A,) and u¥,(n,) are the conditional means of f,
and {, at time step k, respectively.

D. Computing Baseline Static Process and Measurement
Covariances

To create an EKF baseline, the static process and mea-
surement covariances can be computed for each robot in the
MR.CLAM dataset. The process and measurement covari-
ances can be derived from the training set that we used to
learn measurement models in Section V-B. .

Each robot’s process covariance as R=Cov(h,~X,) can be
computed where R denotes the estimated process covari-
ance, X, and X, represent the collection of true and esti-
mated poses, respectively. X, was gathered directly from the
dataset. Each X, was derived using equation (5) with odom-
etry input, u,, and previous true pose, X, ;.

To compute the measurement covariance, any erroneous
measurements were removed in which a robot identified the
wrong landmark during an observation. Once the erroneous
measurements were removed, each robot’s measurement
covariance was computed using Q=Cov(Z%,~7,)$. Similar
to the process covariance calculation, Q is the measurement
covariance and 7%,-7, represents the error between the
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ground truth measurements 7%, and the observed measure-
ments Z,. The collection of observed measurements, Z,,
were gathered directly from the MR.CLAM dataset. How-
ever, 78, was calculated using equation (7) with (x,y,0) as
the robot’s true pose at the time the measurement was
observed and with (x°,y%) as the position of the identified
landmark with signature s.

E. Localization Trial Setup

15 localization trial groups were created using all of the
robot data from experiments 1, 4, and 7 in the MR.CLAM
dataset. Each localization trial group consisted of every
combination of an MR.CLAM experiment and a robot.
Within each trial group, there were three trials and each trial
employed one of the following conditions:

Condition 1: Standard EKF (sEKF). Trials with this
condition served as the baseline for each trial group.
This condition used equation (7) to compute a predicted
measurement and a static, precomputed covariance of
the measurement noise, Q. Q was computed in V-D.

Condition 2: EKF with MDN variance (EKF+MDN-c2).
This condition employed Method #1 from 1V-B. Here,
equation (7) computed a predicted measurement, while
equation (21) estimated the covariance of the measure-
ment noise, Q,(A,).

Condition 3: EKF with MDN mean and variance (EKF+
MDN-no?). This condition employed Method #2 from
1V-B. Here, equations (22) and (21) estimated the
conditional predicted measurement Z,(,) and the con-
ditional covariance of the measurement noise Q,(%,),
respectively.

Localization trial groups served as a mechanism for
comparing the performance of each condition for a particu-
lar combination of a robot and an MR.CLLAM experiment.
F. Results

The performance of the approaches (Conditions 2 and 3)
can be compared with the baseline (Condition 1 using the
results from the 45 localization trials). For the purpose of
comparing the three conditions, the analysis can be focused
on state estimates that occurred after measurement updates.
This can be done because all other state estimates were the
result of accumulated process (odometry) error. The perfor-
mance of three measurement approaches can be compared,
it is believed that the other state estimates would not provide
useful comparisons in this context.

With reference to FIG. 3, shown is a cumulative distri-
bution illustrating position errors between the state estimates
and the ground truths for example trials. The performance of
the conditions can be evaluated using three metrics: the
cumulative position error of each condition, the relative
performance between the sEKF and the MDN Conditions,
and a statistical significance test. All the three metrics used
the Euclidean distances (position error) between, X;, the
robot estimated position from the filter, and, x,, the true
position from the MR.CLAM motion capture system, at time
step k. For each combination of robot r and MR.CLAM
experiment e, the position errors were computed as:

@23

ACHE

— &y

c,re

7+ 0

ACHE

2
7 = g - 557

where ¢&{1,2,3} denotes the condition, r&{1,2,3,4,5} rep-
resents the robot, and e={1,4,7} denotes the MR.CLAM

experiment.
1) Position Error Cumulative Density: The first evaluation
was looking at the position error cumulative density.
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FIG. 3 illustrates a cumulative distribution of the posi-
tion errors (in centimeters) for all 45 trials where each
stylized line denotes one of the three conditions. Here,
the faster a condition’s curve ascends to a probability
(cumulative relative frequency) of 1.0 the better the
condition performed overall.

With reference to FIGS. 4A-4C, shown are graphs illus-
trating how the EKF+MDN-o® and EKF+MDN-uc® per-
formed when compared with sEKF. If a point in any graph
goes below the 50% black line, that means that trial per-
formed either worse or no better than sEKF for that trial.

TABLE 1

LOCALIZATION TRIAL POSITION ERROR STATISTICS

EKF + MDN - ¢? EKF + MDN - po?

2.04 cm
1.13 ecm

-3.91 cm
0.37 cm

Avg. of means
Avg. of SD.

2) Position Error Performance Relative to the Baseline:
The second evaluation examined the performance of
EKF+MDN-c? and EKF+MDN-uo? (Conditions 2 and
3) relative to sEKF, the baseline, qualitatively and
quantitatively. For a qualitative evaluation, the percent-
age of EKF+MDN position errors that were better than
sEKF was computed. For each localization trial group
with robot r and MR.CLAM experiment e, the number
of Condition 1 position errors that were worse than the
corresponding Condition 2 and 3 position errors were
counted. FIGS. 4A-C illustrate the result of our quali-
tative evaluation where the FIG. 4A, FIG. 4B, and FIG.
4C represent MR.CLAM experiments 1, 4, and 7
respectively. In FIGS. 4A-C, the line 403 serves as a
performance threshold and determines how well EKF+
MDN-o® and EKF+MDN-po® compared with sEKF.
Here, points above the threshold imply better perfor-
mance, while points at or below the threshold imply
worse.

For the quantitative evaluation, the relative average of the
trial mean and standard deviation of the state position errors
were calculated. To derive the two statistics, the mean and
standard deviation of the state position error for each trial
were calculated first. Then the means and standard devia-
tions for Conditions 2 and 3 were subtracted from their
corresponding baseline, Condition 1. Finally, the differences
of the means and standard deviations were averaged for
Conditions 2 and 3 to produce the statistics in Table 1. Here,
negative values indicate better performance when compared
with sEKF.

3) Testing for Significance Amongst Conditions. A
Kruskal-Wallis test can be performed to determine if
there were significant differences among the medians of
the three conditions. The results of the test are in Table
II. The test, which was corrected for tied ranks, dem-
onstrated there was a significance amongst the condi-
tions. The test results were %> (2)=11,437.6, p=0.00,
with a mean rank position error of 9.37e4 for sEKF,
$8.31e4 for EKF+MDN-0?, and 6.38e4 for EKF+
MDN-uo?.

Since the Kruskal-Wallis test showed significance, a
Tukey post-hoc test was used, which was adjusted to control
for error rate. An 0=0.05 was used for each of the three
sub-analyzes. After this adjustment, the Tukey test showed
that there were significant differences between each set of
multiple comparisons.
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G. Discussion

EKF+MDN-uc? generally performed better than the other
two conditions. From Tables I, it can be observed that
EKF+MDN-uc® had the smallest mean error across all
localization trial groups. When FIG. 3 was examined, it was
seen that EKF+MDN-puc®’s cumulative distribution (solid
line) was consistently better than the other two distributions.
In fact, almost 80% of the EKF+MDN-uo? errors were at or
below 10 centimeters, while less than 50% of the sEKF
errors were at the same point. The latter point is especially
interesting because it implies that the disclosed methods are
less likely to collide with obstacles in that environment due
to state estimation errors when the obstacles are within
roughly a third of the robot’s width.

The Extended Kalman Filter performed better when it
used both the conditional mean and variance from the
MDNs. Aside from the first point mentioned above, it can be
noticed that EKF+MDN-o” trials did not consistently per-
form better than sEKF trials. In fact, from FIGS. 4A-C, it
can be determined that EKF+MDN-c~ only performed better
than sEKF in 47% of the trial groups. This implies that
EKF+MDN-c? performance was effectively random com-
pared with sEKF. However, it can be seen that EKF+MDN-
po? performed better than sEKF in 100% of the trial groups.
And since the main difference between EKF+MDN-po? and
EKF+MDN-&? is the use of the MDN means, the conditional
means and variances are better used together with this
particular application.

A state-dependent sensor measurement model is a para-
metric model that can learn a sensor’s measurement prob-
ability density function, p(zIA), and, as a result, it can
estimate measurement bias and uncertainty. To demonstrate
these methods, it was first described how one can use
mixture density networks (MDNs) as state-dependent sensor
measurement models and trained multiple MDNs on real
measurement and state data from a mobile robot dataset.
Then, the trained MDNs can be used as measurement
models in the EKF, and it is demonstrated that the methods
can outperform a standard EKF in a number of localization
trials. A statistical significance test can be used to show that
there was a significant difference between the proposed
methods and a standard EKF.

Turning to FIG. 5, an example hardware diagram of a
computing device 500 is illustrated. Any of the functionality
discussed herein may be implemented, in part, using one or
more elements of the computing device 500. The computing
device 500 can include one or more of a processor 510, a
Random Access Memory (“RAM”) 520, a Read Only
Memory (“ROM”) 530, a memory device 540, a network
interface 550, and an Input Output (“I/O”) interface 560. The
elements of the computing device 500 are communicatively
coupled via a bus 502.

The processor 510 can include an arithmetic processor,
Application Specific Integrated Circuit (“ASIC”), or other
types of hardware or software processors. The RAM and
ROM 520 and 530 can include a memory that stores
computer-readable instructions to be executed by the pro-
cessor 510. The memory device 530 stores computer-read-
able instructions thereon that, when executed by the proces-
sor 510, direct the processor 510 to execute various aspects
of the present disclosure described herein. When the pro-
cessor 510 includes an ASIC, the processes described herein
may be executed by the ASIC according to an embedded
circuitry design of the ASIC, by firmware of the ASIC, or
both an embedded circuitry design and firmware of the
ASIC. As a non-limiting example group, the memory device
530 comprises one or more of an optical disc, a magnetic
disc, a semiconductor memory (i.e., a semiconductor, float-
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ing gate, or similar flash based memory), a magnetic tape
memory, a removable memory, combinations thereof, or any
other known memory means for storing computer-readable
instructions. The network interface 550 can include hard-
ware interfaces to communicate over data networks. The 1/0
interface 560 can include device input and output interfaces
such as keyboard, pointing device, display, communication,
and other interfaces. The bus 502 can electrically and
communicatively couple the processor 510, the RAM 520,
the ROM 530, the memory device 540, the network interface
550, and the I/O interface 560, so that data and instructions
may be communicated among them.

In operation, the processor 510 is configured to retrieve
computer-readable instructions stored on the memory device
540, the RAM 520, the ROM 530, or another storage means,
and copy the computer-readable instructions to the RAM
520 or the ROM 530 for execution, for example. The
processor 510 is further configured to execute the computer-
readable instructions to implement various aspects and fea-
tures of the present disclosure. For example, the processor
510 may be adapted and configured to execute the processes
described above, including the processes described as being
performed by various components herein.

A phrase, such as “at least one of X, Y, or Z,” unless
specifically stated otherwise, is to be understood with the
context as used in general to present that an item, term, etc.,
can be either X, Y, or Z, or any combination thereof (e.g., X,
Y, and/or 7). Similarly, “at least one of X, Y, and Z,” unless
specifically stated otherwise, is to be understood to present
that an item, term, etc., can be either X, Y, and Z, or any
combination thereof (e.g., X, Y, and/or 7). Thus, as used
herein, such phrases are not generally intended to, and
should not, imply that certain embodiments require at least
one of either X, Y, or Z to be present, but not, for example,
one X and one Y. Further, such phrases should not imply that
certain embodiments require each of at least one of X, at
least one of Y, and at least one of Z to be present.

Although embodiments have been described herein in
detail, the descriptions are by way of example. The features
of'the embodiments described herein are representative and,
in alternative embodiments, certain features and elements
may be added or omitted. Additionally, modifications to
aspects of the embodiments described herein may be made
by those skilled in the art without departing from the spirit
and scope of the present disclosure defined in the following
claims, the scope of which are to be accorded the broadest
interpretation so as to encompass modifications and equiva-
lent structures.

Therefore, at least the following is claimed:
1. A method of determining noise and bias for a sensor
comprising:

receiving, via at least one computing device, an input
vector;

generating, via the at least one computing device, a
parameter vector based at least in part on a feed-
forward neural network;

determining, via the at least one computing device, a
plurality of components using the parameter vector
based at least in part on a mixture model; and

generating, via the at least one computing device, a
conditional probability density function based at least
in part on the plurality of components, wherein the
noise and bias for the sensor is determined based at
least in part on the conditional probability density
function.
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2. The method of claim 1, wherein the input vector
corresponds to a vector encoding information about a state
corresponding to the at least one computing device.

3. The method of claim 1, wherein the at least one
computing device corresponds to a robot and the method
further comprises generating a map of an environment of the
robot.

4. The method of claim 1, further comprising training, via
the at least one computing device, the mixture model using
a collection of sensor measurements and at least one envi-
ronment state when the collection of sensor measurements
was produced.

5. The method of claim 1, wherein the noise is Gaussian
distributed.

6. The method of claim 1, wherein the conditional prob-
ability density function is based at least in part on an
Extended Kalman Filter.

7. A system comprising:

a memory device; and

at least one computing device in communication with the

memory device, the at least one computing device

configured to at least:

receive an input vector;

generate a parameter vector based at least in part on a
feed-forward neural network;

determine a plurality of components using the param-
eter vector based at least in part on a mixture model;

generate a conditional probability density function
based at least in part on the plurality of components;
and

generate a noise and a bias for a sensor based at least
in part on the conditional probability density func-
tion.

8. The system of claim 7, wherein the plurality of com-
ponents comprise at least one set of conditional Gaussian
Mixture Model (GMM) parameters.

9. The system of claim 7, wherein the input vector
corresponds to a vector encoding information about a state
corresponding to the at least one computing device.

10. The system of claim 7, wherein the at least one
computing device corresponds to a robot and the at least one
computing device is further configured to at least generate a
map of an environment of the robot.

11. The system of claim 7, wherein the at least one
computing device is further configured to at least train the
mixture model using a collection of sensor measurements
and at least one environment state when the collection of
sensor measurements was produced.

12. The system of claim 7, wherein the noise is Gaussian
distributed.

13. The system of claim 7, wherein the conditional
probability density function is based at least in part on an
Extended Kalman Filter.

14. A non-transitory computer-readable medium embody-
ing a program that, when executed by at least one computing
device, causes the at least one computing device to at least:

receive an input vector;

generate a parameter vector based at least in part on a

feed-forward neural network;

determine a plurality of components using the parameter

vector based at least in part on a mixture model;
generate a conditional probability density function based

at least in part on the plurality of components; and
generate a noise and a bias for a sensor based at least in

part on the conditional probability density function.
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15. The non-transitory computer-readable medium of
claim 14, wherein the plurality of components comprise at
least one set of conditional Gaussian Mixture Model (GMM)
parameters.

16. The non-transitory computer-readable medium of
claim 14, wherein the input vector corresponds to a vector
encoding information about a state corresponding to the at
least one computing device.

17. The non-transitory computer-readable medium of
claim 14, wherein the noise is Gaussian distributed.

18. The non-transitory computer-readable medium of
claim 14, wherein the at least one computing device corre-
sponds to a robot and the program further causes the at least
one computing device to at least generate a map of an
environment of the robot.

19. The non-transitory computer-readable medium of
claim 14, wherein the program further causes the at least one
computing device to at least train the mixture model using
a collection of sensor measurements and at least one envi-
ronment state when the collection of sensor measurements
was produced.

20. The non-transitory computer-readable medium of
claim 14, wherein the conditional probability density func-
tion is based at least in part on an Extended Kalman Filter.
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