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(57) Abstract: This disclosure is directed to calibrating sensors for an autonomous
vehicle. First sensor data and second sensor data can be captured by one or more
sensors representing an environment. The first sensor data and the second sensor
data can be associated with a grid in a plurality of combinations to generate a plu-
rality of projected data. A number of data points of the projected data occupying
a cell of the grid can be summed to determine a spatial histogram. An amount of
error (such as an entropy value) can be determined for each of the projected data,
and the projected data corresponding to the lowest entropy value can be selected as
representing a calibrated configuration of the one or more sensors. Calibration data
associated with the lowest entropy value can be determined and used to calibrate
the one or more sensors, respectively.
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SENSOR CALIBRATION

CROSS REFERENCE TO RELATED APPLICATIONS
[0001] This patent applications claims priority to U.S. Utility patent application
with Serial No. 15/927,291, filed March 21, 2018. Application Serial No. 15/927,291

is fully incorporated herein by reference.

BACKGROUND
[0002] Many vehicles utilize sensor data for various functions, such as navigation,
guidance, and obstacle avoidance. Each of the various functions can be necessary for
the effective operation of the vehicles. As such, it is important for the sensors to be
calibrated, to provide accurate input to vehicle computing systems. Current calibration
techniques can be time consuming and computationally expensive, or may not converge
at the optimal solution. Additionally, many current calibration techniques are limited
to offline processes, requiring a vehicle to be taken out of service if a sensor is out of
calibration and/or alignment. Further, current methods require a human operator for

calibration, making the process manual, slow, and potentially imprecise.

BRIEF DESCRIPTION OF THE DRAWINGS
[0003] The detailed description is described with reference to the accompanying
figures. In the figures, the left-most digit(s) of a reference number identifies the figure
in which the reference number first appears. The use of the same reference numbers in
different figures indicates similar or identical components or features.
[0004] FIG. 1 depicts a pictorial flow diagram of an example process for calibrating
sensors on an autonomous vehicle, in accordance with embodiments of the disclosure.
[0005] FIG. 2 depicts a pictorial flow diagram of an example process for using a
combinatorial searching algorithm for calibrating sensors on an autonomous vehicle, in
accordance with embodiments of the disclosure.
[0006] FIG. 3A depicts a side view of an example vehicle having multiple sensor
assemblies mounted to the vehicle.
[0007] FIG. 3B depicts a top plan view of an example vehicle having multiple

sensor assemblies mounted to the vehicle.
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[0008] FIG. 4 depicts a block diagram of an example system for implementing the
embodiments described herein.

[0009] FIG. 5 depicts an example process for calibrating one or more sensors by
projecting sensor data onto a grid to minimize an error such as an entropy value, in
accordance with embodiments of the disclosure.

[0010] FIG. 6 depicts an example process for controlling an autonomous vehicle
based at least in part on calibrated sensor data, in accordance with embodiments of the

disclosure.

DETAILED DESCRIPTION
[0011] This disclosure is directed to calibrating sensors for an autonomous vehicle.
In some instances, the autonomous vehicle can include multiple sensors (of the same
or different modalities), which can represent overlapping fields of view. A first sensor
can capture first data of an environment and a second sensor can capture second data
of the environment. When the first and second sensors are correctly calibrated (with
respect to each other, with respect to the vehicle, and/or internally), the sensor data from
the first and second sensors can be combined to produce an aligned representation (e.g.,
a “crisp” representation) of the environment. However, when the sensors are
incorrectly calibrated, the combined sensor data may represent an inaccurate depiction
(e.g.. a “blurry” representation) of the environment. Such a blurring may result, for
example, where the relative positions and/or orientations of the sensors are not accurate.
In one example, calibration techniques described herein can be used to calibrate radar
sensors mounted on an autonomous vehicle. In some instances, the calibration
techniques can include receiving the first sensor data captured by a first sensor and
receiving second sensor captured by a second sensor, and projecting the first and second
sensor data onto a grid, such as a two-dimensional grid. The first and second sensor
data can be projected onto the grid in multiple combinations to generate a plurality of
projections. An amount of error (such as an entropy value) can be determined for each
projection, and the projection corresponding to the lowest entropy value can be selected
as representing a calibrated configuration. Calibration data associated with the lowest
entropy value can be determined and used to calibrate the first and second sensors,

respectively.
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[0012] In some instances, the plurality of projections can be generated using a
combinatorial search algorithm. That is, in some instances, the plurality of projections
can represent an exhaustive combination of calibration characteristics (e.g., calibration
angles) for the one or more sensors. As mentioned above, the sensor data can be
projected onto a grid, such as a two-dimensional grid. Sensor data projected into a cell
of the grid can be summed to count a number of sensor data points associated with each
cell. In some instances, projecting the sensor data onto the grid can generate a
histogram, such as a two-dimensional spatial histogram. In some instances, the
histogram can be normalized to produce a probability distribution. The probability
distribution can be used to determine an entropy value associated with the projection,
such as a Shannon entropy or Rényi entropy. A projection corresponding to the lowest
entropy value can be selected and used to determine calibration data for calibrating the
one or more sensors. In some examples, and alternative to a combinatorial search
algorithm may use a gradient descent algorithm, which, in some instances, can be used
to determine an optimal projection and the corresponding calibration data.

[0013] In some instances, the calibration techniques can be used to determine one
or more calibration characteristics, and is not limited to determining calibration angles.
For example, the calibration techniques can be used to determine one or more intrinsic
and/or extrinsic characteristics of one or more sensors. For example, a first sensor and
a second sensor can be calibrated relative to each other and/or relative to a vehicle. In
some examples, a first sensor can be calibrated against itself using sensor data received
over time. In some instances, a calibration can be performed for a single extrinsic
characteristic (e.g., yaw), while in some instances, a calibration can be performed for
any number of extrinsic characteristics (e.g., six degrees of freedom, such as x-location,
y-location, z-location, roll, pitch, and yaw). Examples of intrinsic characteristics
include, but are not limited to, lens distortion, transmission medium, etc. Additional
calibration characteristics may include, but are not limited to, time delay (e.g., of data
received from one or more sensors), temperature, compression, and the like.

[0014] The calibration techniques discussed herein can improve a functioning of a
computing device by providing a framework to determine an optimal calibration for
sensors of an autonomous vehicle. In some instances, the combinatorial search
algorithm can be used to exhaustively search through potential calibration solutions to
promote convergence at an optimal solution. For example, utilizing such a

3
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combinatorial search algorithm can avoid converging at a local minimum (when
minimizing error), which may not correspond to the optimal solution. By calibrating
one or more sensors via the calibration techniques described herein, the one or more
sensors can generate data representing an environment with a high degree of accuracy
and precision about the environment. For example, sensors such as light detection and
ranging (LIDAR) sensors, radar sensors, sonar sensors, and the like that have been
calibrated in this manner can provide more accurate data for segmentation,
classification, route planning, etc., which can ultimately lead to better safety outcomes
while driving. Furthermore, improved calibration of sensors may improve processing
in perception systems, for example, by providing more accurate data as a starting point
for segmentation, classification, etc. These and other improvements to the functioning
of a computing device are discussed herein.

[0015] The calibration techniques discussed herein also represent improvements
over conventional calibration techniques. For example, in the past, calibration
techniques have included adjusting captured data by hand to align one set of data with
another set of data. This manual alignment can be slow and can result in a suboptimal
calibration. Other conventional calibration techniques have included traversing a
region including retroreflective targets with known locations to be used in calibration
operations. Further still, conventional calibration techniques have included mounting
a vehicle on a tumtable and physically turning the vehicle while monitoring the data
captured by sensors on the vehicle. These conventional calibration techniques suffer
from limited flexibility, often require additional and/or specialized calibration
equipment, and/or result in a suboptimal calibration of sensors. Thus, the techniques
discussed herein represent significant improvement over conventional calibration
techniques.

[0016] The methods, apparatuses, and systems described herein can be
implemented in a number of ways. Example implementations are provided below with
reference to the following figures. Although discussed in the context of an autonomous
vehicle, the methods, apparatuses, and systems described herein can be applied to a
variety of systems requiring calibration of sensors prior to and/or during use, and is not
limited to autonomous vehicles. In another example, the methods, apparatuses, and

systems may be utilized in an aviation or nautical context. Additionally, the techniques
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described herein may be used with real data (e.g., captured using sensor(s)), simulated
data (e.g., generated by a simulator), or any combination of the two.

[0017] FIG. 1 depicts a pictorial flow diagram of an example process 100 for
calibrating sensors disposed on an autonomous vehicle, in accordance with
embodiments of the disclosure.

[0018] At operation 102, the process can include capturing data of an environment.
In one example, the operation 102 can include capturing radar data from one or more
radar sensors disposed on an autonomous vehicle. Of course, the process 100 is not
limited to radar data or radar sensors, and any type and number of sensors can be used
with the calibration techniques discussed herein. An example 104 illustrates a
vehicle 106 capturing data of a first point 108 and a second point 110 in an environment.
In some instances, the data captured in the operation 102 can include a position and/or
velocity of an object relative to the position and/or velocity of the vehicle 106.

[0019] A detail view 112 illustrates a physical orientation of one or more sensors
on the vehicle 106. For example, the vehicle 106 includes a first sensor 114 (e.g., a
first radar sensor) and a second sensor 116 (e.g., a second radar sensor) disposed on the
vehicle 106. In some instances, the first sensor 114 may be mounted at an angle 61 118
relative to the vehicle 106, while the second sensor 116 may be mounted at an
angle 0> 120 relative to the vehicle 106. As illustrated, the first sensor 114 can capture
first data associated with the points 108 and 110 in the environment, while the second
sensor 116 also can capture second data associated with the points 108 and 110.

[0020] At operation 122, the process can include projecting a portion of the data
based on one or more calibration angles onto a task space (e.g., a reference space for
projecting data), which is to say that data acquired from the sensors can be projected
into an environment based on an assumption of the sensor extrinsics. In some instances,
the operation 122 can include filtering out data corresponding to non-zero velocities,
so the portion of the data to be projected in the operation 122 represents data
corresponding to stationary objects. In some instances, the operation 122 can include
selecting data associated with velocity values under a threshold velocity value. In some
instances, the operation 122 can include selecting a region of interest, which is to say,
the operation 122 can include selecting a portion of the sensor data for use in the
calibration operations discussed herein. In some instances, the operation 122 can
include selecting data corresponding to a distance traveled, particular maneuvers

5
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performed during the region of interest (e.g., a number of turn(s), a radius of turn(s),
speed(s), start(s) and stop(s), etc.), and the like.

[0021] An example 124 illustrates the projection of data based on one or more
initial calibration angles (e.g., the expected angles). As illustrated in a detail 126, an
expected orientation based on the calibration angle(s) is represented by an angle 03 128
and an angle 04 130. In some instances, the calibration angle 128 for the first sensor 114
may correspond to the physical orientation of the first sensor 114 illustrated by the
angle 118 (e.g., the angle 6; 118 may substantially correspond to the angle 63 128). In
such a case, the data captured by the first sensor 114 and projected in the operation 122
may accurately reflect a state of the environment. Accordingly, the first sensor 114 in
the example 124 illustrates the sensor data correctly indicating the positions of the
points 108 and 110.

[0022] However, as illustrated in the detail 126, the calibration angle 130 for the
second sensor 116 may not correspond to the physical orientation (i.e., actual
orientation) of the second sensor 116 illustrated by the angle 120 (e.g., the angle 0, 120
may differ from the angle 04 130). In such a case, the data captured by the second
sensor 116 and projected in the operation 122 may not accurately represent the state of
the environment. As illustrated, the data captured by the second sensor 116 may be
incorrectly interpreted as corresponding to data points 132 and 134,

[0023] As can be understood, in some instances, the operation 122 may be omitted
from the calibration operations, and can be understood as illustrating a problem caused
by miscalibrated sensors or incorrectly calibrated sensors.

[0024] At operation 136, the process can include projecting the portion of the data
onto a grid to minimize an entropy value. In some examples, the operation 136 can
include utilizing a combinatorial search algorithm to generate a plurality of projections
representing an exhaustive or nearly exhaustive search across combinations of sensor
calibrations to arrive at projection representing a lowest entropy value (and thereby
representing an optimal calibration). In some instances, projecting the portion of the
data onto a grid to minimize an entropy value can refer to an iterative process of
determining an entropy value (or error/cost) associated with a particular projection and
comparing the entropy value with a reference entropy value. In some instances, an

absolute minimum entropy value can be determined, and in some instances, a lowest
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entropy value can be determined based on a level of precision utilized (e.g., asize of a
projection grid, a step size of calibration angles to test, etc., as discussed herein).
[0025] Examples 138, 140, and 142 illustrate various instances of projections of
captured data projected onto a grid 144. In some instances, the grid 144 can include a
plurality of cells 146, 148, 150, and 152.
[0026] The example 138 represents a projection of sensor data captured by the first
sensor and the second sensor based on the initial (expected) calibration angles discussed
above in the detail 126. That is, the example 138 represents a baseline or reference
projection of the sensor data, represented as an orientation 154 (0, 0).
[0027] The example 140 represents a projection of the sensor data captured by the
first sensor and the second sensor based on an adjusted orientation 156 (0, -1). In some
instances, the orientation 156 represents a projection whereby the data captured by the
first sensor was not altered (e.g., represented by “0” in the orientation 156), while the
data captured by the second sensor was rotated one unit to the counter-clockwise (e.g.,
represented by “-1” in the orientation 156). In some instances, the amount to rotate the
data can be a tunable or selectable parameter, or can be based on a precision setting.
For example, in some instances, the calibration operation can perform a “coarse”
calibration followed by various levels of “fine” calibration to arrive at an optimal
solution.
[0028] In some instances, the orientation 156 represents the data captured by the
second sensor 116 with the sensor orientation rotated 20 degrees to counter-clockwise.
[0029] In some instances, the orientation 158 (0, 1) represents the data captured by
the second sensor 116 rotated 20 degrees clockwise (e.g., in a yaw direction). For the
sake of brevity not all possible combinations are illustrated in FIG. 1. However,
additional details of a combinatorial search algorithm are discussed below in connection
with FIG. 2. As will be discussed in detail below, while depicted in FIG. 1 for
illustrative purposes, it is understood that such a projection may not be limited to one
dimension (here a “yaw”™) and can include any number of dimensions (e.g. an X, y, 7,
roll, pitch, yaw, etc.) between any number of sensors.
[0030] With reference to the example 138, at least a portion of the sensor data
captured by the first sensor and the second sensor data can be projected onto the
grid 144 based at least in part on the orientation 154. As illustrated, two points of data
captured by the second sensor 116 are projected into the cell 150. Further, a first point
7
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of data captured by the first sensor 114 is projected into the cell 146, while a second
point of data captured by the first sensor 116 is projected into the cell 152.

[0031] After the portion of the data is projected onto the grid, an entropy value can
be determined for each projection of the plurality of projections. For example, the
operation 136 can include summing a number of measurements occupying each cell,
from which a histogram (e.g., a two-dimensional spatial histogram) of each projection
can be determined. In some instances, the histogram can be normalized to produce a
probability distribution representing, at least in part, a probability that sensor data was
projected into a particular cell based on the projection orientation. An entropy value
can be determined based on the probability distribution.

[0032] As can be understood, an entropy value can be determined for and associated
with each projection of the plurality of projections. Thus, as the combinatorial search
algorithm can determine a plurality of projections and an entropy value can be
determined for each projection, an optimal solution can be determined by selecting the
projection associated with a lowest entropy value.

[0033] In some instances, the operation 136 can include determining a Shannon
entropy. In some instances, the Shannon entropy can be determined according to the

equation below:
H=—-%,;pilog,pi (1)
Where p;; represents the probability that an individual data point of the data was

observed at spatial coordinates (i, ).

[0034] In some instances, the operation 136 can include determining a Rényi
entropy, a Hartley entropy, a collision entropy, a minimum entropy, and the like.
[0035] In some instances, the example 142 represents a lowest entropy value of the
three projections illustrated in the examples 138, 140, and 142, as the example 142
represents the largest amount of points in the fewest number of cells. For example, the
examples 138 and 140 represent four points (e.g., 108, 110, 132, and 134) in three cells
(e.g., 146, 150, and 152), while the example 142 represents the four points (e.g., 108,
110, 132, and 134) in two cells (e.g., 146 and 152). Operation 136 may be repeated,
reducing a step size (e.g., from 20 degrees to 10 degrees), as well as decreasing the area
of each grid cell (e.g., increasing the number of cells), to produce finer and finer

revisions to the estimated position and/or orientation of the sensors.
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[0036] At operation 160, the process can include generating one or more updated
calibration angles based at least in part on the entropy value. For example, the
operation 160 can include determining the lowest entropy value determined in the
operation 136 (e.g., corresponding to the example 142). In some instances, the
operation 160 can include determining the orientation 158 of the sensors representing
the calibration angles of the sensors to optimally calibrate the first sensor and the second
sensor, for example. As discussed above, the orientation 158 (0, 1) represents the initial
calibration angle associated with the first sensor (e.g., “0” of (0, 1)) and represents an
updated calibration angle associated with the second sensor (e.g., “1” of (0, 1)). In
some instances, the operation 160 can include identifying the precision of the
combinatorial searching algorithm, which in this case, represents a 20-degree rotation
clockwise.

[0037] In a detail 162, an expected orientation of the first sensor and the second
sensor based on updated calibration angles is illustrated. For example, the first
sensor 114 is associated with an updated calibration angle 6s 164 and the second
sensor 116 is associated with an updated calibration angle 6s 166. Thus, the updated
calibration data (e.g., the updated calibration angles 164 and 166) can be sent along
with any data captured by the first sensor 114 and the second sensor 116, respectively,
and/or can be stored in memory and accessed by any component to align the data
between the first sensor 114 and the second sensor 116.

[0038] FIG. 2 depicts a pictorial flow diagram of an example process 200 for using
a combinatorial searching algorithm for calibrating sensors on an autonomous vehicle,
in accordance with embodiments of the disclosure.

[0039] At operation 202, the operation can include projecting a portion of the sensor
data onto a grid based on estimated sensor poses (e.g., position and orientations). In
some instances, the operation 202 can include removing data associated with a non-
zero velocity from the data projected in the operation 202. That is, in some instances,
the calibration operations can be performed using data representing stationary objects.
[0040] An example 204 illustrates the vehicle 106 projecting sensor data captured
by a first sensor 114 and a second sensor 116 onto the grid 144 based on the
orientation 154. As illustrated, data points 132 and 134 captured by the second sensor

are projected into the cell 150 of the grid 144. The data point 108 captured by the first
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sensor is projected into the cell 146 of the grid 144, and the data point 110 captured by
the second sensor is projected into the cell 152 of the grid 144.

[0041] As can be understood, the data to be projected in the operation 202 is not
limited to a single instance or “snapshot™ of data captured by the vehicle 106. Instead,
the data to be projected can represent data captured by the vehicle 106 over any period
of time or distances, any may represent any maneuvers of the vehicle 106, such as lane
changes, left turns and right turns, etc. In some instances, the data to be projected in
the operation 202 can be captured by the vehicle 106 and stored in a log file of the
vehicle 106 for subsequent processing. In such examples, localization information
about the vehicle (e.g., a position and/or orientation) may be determined and/or
provided by, for example, a SLAM system, or the like. As will be appreciated, the more
accurate the localization system is, the better the quality of calibration that can be
performed by the techniques described herein. Furthermore, such multiple sensors
may, in fact, represent a single sensor that has acquired data over time (e.g., each
“sensor” may represent the same physical sensor at different times). In such an
example, calibration would also determine the position and/or orientations of the single
sensor relative to the vehicle itself.

[0042] In some instances, the grid 144 can represent discrete cells of any size. In
one implementation, the cell 146 can represent an area on the order of 10 centimeters
by 10 centimeters. In some examples, the grid 144 can include cells of any size or
shape, and is not limited to the specific examples described herein. The total area of
the grid 144 may range from tens of centimeters to thousands of meters, or more.
[0043] As discussed above, the example 204 represents a projection of the data
based on the calibration angles (e.g., indicated by the orientation 154). In some
instances, the convention (0, 0) indicates that the projection of the data in the
example 204 is performed using the baseline calibration angles (e.g., which may
correspond to previous or initial calibration data). Again, though depicted as an angle
only (e.g., yaw) for illustrative purposes, such calibrations may be over any one or more
of an x-position, y-position, or z-position, yaw, pitch roll, etc.

[0044] At operation 206, the process can include selecting a precision for a
combinatorial search. For example, in some instances, the process 200 can perform a

2 ¢,

combinatorial search at different precisions such as “coarse,” “medium,” and “fine,” to
successively refine the calibration of the one or more sensors. In some instances, a

10

PCT/US2019/022561



10

15

20

25

30

WO 2019/182909

single precision can be a tunable (or selectable) parameter. In some examples, the
precision may be successively refined (e.g., linearly, exponentially, etc.) until some
user defined threshold is met and/or exceeded (e.g., the threshold defined below in
operation 220). By way of example, and without limitation, a first precision can be on
the order of 20 degrees, although any value can be used. Using 20 degrees as an
example of a “coarse” precision, a precision of 10 degrees and 1 degree can be used,
respectively, for a “medium” and “fine” precision, although any values may be used.
[0045] At operation 208, the process can include performing the combinatorial
search based at least in part on the selected precision. By way of example, and without
limitation, an example 210 illustrates an example sequence representing a
combinatorial search for calibrating two sensors. In some instances, the combinatorial
search algorithm can exhaustively or nearly exhaustively search through all
combinations of sensor orientations, project the data onto the grid for each orientation,
and determine an entropy value (or other error value) for each projection. In some
instances, the example 210 represents a plurality of poses of the first sensor and the
second sensor including a combinatorial set of transformations across one or more
dimensions.

[00406] A first entry 212 in the example 210 corresponds to the orientation 154,
That is, the first entry 212 of the combinatorial search algorithm can include projecting
the first sensor data and the second sensor data onto a grid based on the previous, initial,
or most recent calibration information. In some instances, the first entry 212 of (0, 0)
can correspond to a neutral orientation of the sensors (e.g., an angle 118 of 90 degrees
and an angle 120 of 90 degrees).

[0047] A second entry 214 in the example 210 corresponds to an orientation (-1, 0).
In an example where the search precision is 20 degrees, and wherein the first entry 212
corresponds to a neutral orientation (e.g., the first and second sensors at 90 degrees
relative to the vehicle 106), the angle of the first sensor for the projection corresponding
to the second entry 214 can correspond to 70 degrees, while the orientation for the
second sensor can correspond to an angle of 90 degrees. As can be understood, the
operation 208 can include determining a projection for each entry of the example 210.
Further, the operation 208 can include determining an entropy value for each projection

of the plurality of projections.
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[0048] As illustrated in the example 210, the combinatorial search algorithm can
include any number of sensor orientations. An example 216 illustrates an orientation
of the Sensor A corresponding to “-2”, which, continuing with the example discussed
above, the angle of the first sensor for the projection corresponding to the second
entry 214 can correspond to 50 degrees (e.g., 90 degrees minus 2*20 degrees). An
example 218 illustrates that an arbitrary number of steps (e.g., N and M) can be used
for determining projections.

[0049] In a case where three or more sensors are to be calibrated simultaneously,
the combinatorial search algorithm can be expanded to accommodate any number of
additional sensors and/or dimensions. That is, the calibration techniques discussed
herein are not limited to calibrating one, two, or three sensors, and may be used for any
number and/or type of sensors and any number of dimensions (position and/or
orientation).

[0050] At operation 220, the process can include determining whether the error
values determined in the combinatorial search and/or a precision of the search are below
athreshold. For example, the combinatorial search may determine an entropy value for
each projection of the plurality of projections. In some instances, the operation 220 can
include determining the minimum entropy value representing a best calibration (e.g.,
based on a selected precision). If the error is not below a threshold (e.g., a lowest
entropy and/or a change in error (as compared to a previous iteration, represented as
“no” in the operation 220), the process can return to the operation 206 where an updated
precision can be selected. For example, a first pass of the process can search at a first
precision (e.g., a “coarse” precision), while successive passes can search at a finer
precision. In some instances, the reference orientation (e.g., 0, 0) can be updated to
reflect the position and/or orientation corresponding to the lowest entropy of the
projections.

[0051] In some instances, in addition to or instead of changing the precision
referring to a number of degrees associated with a sensor, the precision can refer to a
size of the grid. For example, a size of the grid can decrease over successive passes to
determine an optimal calibration.

[0052] If the error is below a threshold (e.g., “yes” in the operation 220), the process
can continue to operation 222, which may include generating one or more calibration
angles. That is, the operation 222 can include determining, based at least in part on the
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lowest entropy value determined in the operation 220, one or more calibration angles
corresponding to the projection. For example, the angle at which data is projected in
the corresponding lowest entropy can represent an orientation of the sensors relative to
the vehicle. Thus, the calibration angles can be used to align data captured by the
sensors to produce an aligned representation of the environment.

[0053] FIG. 3A depicts a side view 300 of an example vehicle 302 having multiple
sensor assemblies mounted to the vehicle. In some instance, the sensor assemblies may
include, but are not limited to, one or more LIDAR sensors, radar sensors, image
sensors, SONAR sensors, and the like. Additional examples of sensors are discussed
herein (e.g., in connection with FIG. 4).

[0054] As shown in the side view 300, the vehicle 302 may include any number of
sensors in any combination or configuration. For example, the vehicle 302 includes at
least sensors 304, 306, and 308. In some instances, the sensor 304 may comprise a
radar sensor having a vertical field of view illustrated as ©1. The sensor 306 may
include a LIDAR sensor mounted on a roof of the vehicle, the sensor 306 having a
vertical field of view illustrated as ©:. In some instances, the sensor 308 may be
mounted on the vehicle 302, with the sensor 308 having a vertical field of view ©;. In
some instances, the sensor 308 represents a radar sensor, LIDAR sensor, image sensor,
SONAR sensor, and the like. Of course, any number and/or type of sensors can be
mounted to or installed in the vehicle 302.

[0055] FIG. 3B depicts a top plan view 310 of the example vehicle 302 having
multiple sensor assemblies mounted to the vehicle. For example, the sensors 304, 306,
and 308 can be seen in FIG. 3B, as well as additional sensors 312, 314, 316, and 318.
As may be understood in the context of this disclosure, the vehicle 302 may include
any number and any type of sensors. As illustrated in FIG. 3B, the sensor 304 may
include a horizontal field of view Os, the sensor 306 may include a horizontal field of
view Og, the sensor 308 may include a horizontal field of view ©7, and the sensor 310
may include a horizontal field of view Os. As may be understood in the context of this
disclosure, the mounting locations and fields of view may correspond to extrinsic
characteristics and intrinsic characteristics, respectfully, which may be calibrated as
described herein. Further, as may be understood in the context of this disclosure, some
of the sensors 304, 312, 314, and the like, may have overlapping fields of view (e.g.,
“co-visibility™).
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[0056] FIG. 4 depicts a block diagram of an example system 400 for implementing
the techniques described herein. In at least one example, the system 400 can include a
vehicle 402, which can be the same vehicle as the vehicles 106 or 302 described above
with reference to FIGS. 1 and 3.

[0057] The vehicle 402 can include a vehicle computing device 404, one or more
sensor systems 406, one or more emitters 408, one or more communication
connections 410, at least one direct connection 412, and one or more drive
modules 414.

[0058] The vehicle computing device 404 can include one or more processors 416
and memory 418 communicatively coupled with the one or more processors 416. In
the illustrated example, the vehicle 402 is an autonomous vehicle; however, the
vehicle 402 can be any other type of vehicle. In the illustrated example, the
memory 418 of the vehicle computing device 404 stores a localization component 420,
a perception component 422, a planning component 424, one or more system
controllers 426, and a calibration component 428.  Further, the -calibration
component 428 can include a stationary data component 430, a calibration data
component 432, a projection component 434, and an entropy component 436. Though
depicted in FIG. 4 as residing in memory 418 for illustrative purposes, it is
contemplated that the calibration component 428 may additionally, or alternatively, be
accessible to the vehicle 402 (e.g., stored remotely).

[0059] In at least one example, the localization component 420 can include
functionality to receive data from the sensor system(s) 406 to determine a position of
the vehicle 402. For example, the localization component 420 can include, request,
and/or receive a three-dimensional map of an environment and can continuously
determine a location of the autonomous vehicle within the map. In some instances, the
localization component 420 can utilize SLAM (simultaneous localization and mapping)
or CLAMS (calibration, localization and mapping, simultaneously) to receive image
data, LIDAR data, radar data, SONAR data, IMU data, GPS data, wheel encoder data,
and the like to accurately determine a location of the autonomous vehicle. In some
instances, the localization component 420 can provide data to various components of
the vehicle 402 to determine an initial position of an autonomous vehicle for generating

a candidate trajectory, or for correlating calibration operations, as discussed herein.
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[0060] In some instances, the perception component 422 can include functionality
to perform object detection, segmentation, and/or classification. In some examples, the
perception component 422 can provide processed sensor data that indicates a presence
of an entity that is proximate to the vehicle 402 and/or a classification of the entity as
an entity type (e.g., car, pedestrian, cyclist, animal, unknown, etc.). In additional and/or
alternative examples, the perception component 422 can provide processed sensor data
that indicates one or more characteristics associated with a detected entity and/or the
environment in which the entity is positioned. In some examples, characteristics
associated with an entity can include, but are not limited to, an x-position (global
position), a y-position (global position), a z-position (global position), an orientation,
an entity type (e.g., a classification), a velocity of the entity, an extent of the entity (e.g.,
size), etc. Characteristics associated with the environment can include, but are not
limited to, a presence of another entity in the environment, a state of another entity in
the environment, a time of day, a day of a week, a season, a weather condition, an
indication of darkness/light, etc.

[0061] In at least one example, the vehicle computing device 404 can include one
or more system controllers 426, which can be configured to control steering, propulsion,
braking, safety, emitters, communication, and other systems of the vehicle 402. These
system controller(s) 426 can communicate with and/or control corresponding systems
of the drive module(s) 414 and/or other components of the vehicle 402.

[0062] In general, the planning component 424 can determine a path for the
vehicle 402 to follow to traverse through an environment. For example, the planning
component 424 can determine various routes and trajectories and various levels of
detail. For example, the planning component 424 can determine a route to travel from
a first location (e.g., a current location) to a second location (e.g., atarget location). For
the purpose of this discussion, a route can be a sequence of waypoints for travelling
between two locations. As non-limiting examples, waypoints include streets,
intersections, global positioning system (GPS) coordinates, etc. Further, the planning
component 424 can generate an instruction for guiding the autonomous vehicle along
at least a portion of the route from the first location to the second location. In at least
one example, the planning component 424 can determine how to guide the autonomous
vehicle from a first waypoint in the sequence of waypoints to a second waypoint in the
sequence of waypoints. In some examples, the instruction can be a trajectory, or a
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portion of a trajectory. In some examples, multiple trajectories can be substantially
simultaneously generated (e.g., within technical tolerances) in accordance with a
receding horizon technique.

[0063] In general, the calibration component 428 can include functionality to
calibrate one or more sensors operating in connection with the vehicle 402. For
example, the calibration component 428 can detect miscalibrated sensors, schedule
calibration routines, and send calibration data to one or more other components of the
vehicle 402 that utilize data produced by the one or more sensors.

[0064] The stationary data component 430 can include functionality to receive
sensor data captured by one or more sensors of the sensor system(s) 406 to identify data
representing stationary objects. That is, in some instances, such as when calibrating
one or more radar sensors, the sensor data may indicate a relative velocity of an object
in an environment. Thus, the stationary data component 430 can receive data associated
with the velocity of the vehicle 402 (e.g., from a wheel encoder, GPS sensor, and the
like) to determine a velocity of the vehicle 402 relative to a data of objects represented
in the sensor data. In some instances, the stationary data component 430 can include a
threshold value setting a velocity above which data can be discarded (or omitted or
ignored for calibration purposes). In some instances, the threshold value can be a zero
velocity, and in some instances, the threshold value can be a non-zero value (e.g., data
can be associated with a velocity below the threshold value).

[0065] In some instances, the stationary data component 430 can receive data from
a map or other source identifying stationary objects in an environment, such as a
building, pole, tree, or the like. In some instances, the stationary data component 430
can associated sensor data with one or more stationary objects to determine whether a
stationary object (based on map data) is represented as having a velocity value in sensor
data. In such a case, the calibration component 428 can determine that a sensor may be
miscalibrated, and generate an indication that a calibration should be performed.
[0066] The calibration data component 432 can include functionality to store
calibration data associated with one or more sensors of the vehicle 402. In some
instances, the calibration data component 432 can store one or more calibration angles
(or calibration characteristics, generally) associated with a sensor, such as the
angles 118, 120, 128, 130, 164, and 166 discussed above with respect to FIG. 1. In
some instances, the calibration data can store mounting angles and/or positions of
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sensors and/or any extrinsic and/or intrinsic information associated with the one or
more sensors, including but not limited to, calibration angles, mounting location,
height, direction, yaw, tilt, pan, timing information, lens distortion parameters,
transmission medium parameters, and the like.  Further, the calibration data
component 432 can store a log of some or all of the calibration operations performed,
such as a time elapsed from the most recent calibration, and the like.

[0067] The projection component 434 can include functionality to project sensor
data onto a grid for calibrating one or more sensors of the sensor system(s) 406. In
some examples, the projection component 434 can utilize a combinatorial search
algorithm to project the sensor data as a plurality of projections to exhaustively or
nearly exhaustively search for an optimal sensor calibration. In some instances, the
projection component 434 can select a size of a grid. As discussed above, one example
of a grid size is on the order of 10 centimeters by 10 centimeters, although any
dimensions may be used. In some instances, a size of the grid can be fixed throughout
a calibration process, while in some instances, a size of the grid can be varied (e.g.,
enlarged or reduced) to converge at an optimal calibration solution.

[0068] After determining a grid, the projection component 434 can project sensor
data onto the grid. In some instances, the projection component 434 can generate a
histogram (e.g., a two-dimensional spatial histogram) representing a count of a number
of data points represented in each cell of the grid. In some instances, the projection
component 434 can normalize the histogram to determine a probability distribution of
data points in each of the cells.

[0069] The entropy component 436 can include functionality to receive the
probability distribution generated by the projection component 434 to determine an
entropy value of each projection of the plurality of projections. For example, the
entropy component 436 can determine a Shannon entropy, a Rényi entropy, a Hartley
entropy, a collision entropy, a minimum entropy, and the like.

[0070] In some instances, the projection component 434 and/or the entropy
component 436 can perform operations in parallel. For example, individual projections
(and/or entropy calculations) can be determined in parallel using a processor, such as a
GPU, to reduce an amount of processing time for the calibration operations discussed

herein.
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[0071] In some instances, as an alternative to a combinatorial search algorithm,
calibration component 428 can utilize a gradient descent algorithm to evaluate a cost
associated with one or more projections to determine an optimal calibration.
[0072] In some instances, aspects of some or all of the components discussed herein
may include any models, algorithms, and/or machine learning algorithms. For
example, in some instances, the components in the memory 418 (and the memory 444,
discussed below) may be implemented as a neural network.
[0073] As described herein, an exemplary neural network is a biologically inspired
algorithm which passes input data through a series of connected layers to produce an
output. Each layer in a neural network may also comprise another neural network, or
may comprise any number of layers (whether convolutional or not). As may be
understood in the context of this disclosure, a neural network may utilize machine
learning, which may refer to a broad class of such algorithms in which an output is
generated based on learned parameters.
[0074] Although discussed in the context of neural networks, any type of machine
learning may be used consistent with this disclosure. For example, machine leaming
algorithms may include, but are not limited to, regression algorithms (e.g., ordinary
least squares regression (OLSR), linear regression, logistic regression, stepwise
regression, multivariate adaptive regression splines (MARS), locally estimated
scatterplot smoothing (LOESS)), instance-based algorithms (e.g., ridge regression,
least absolute shrinkage and selection operator (LASSO), elastic net, least-angle
regression (LARS)), decisions tree algorithms (e.g., classification and regression tree
(CART), iterative dichotomiser 3 (ID3), Chi-squared automatic interaction detection
(CHAID), decision stump, conditional decision trees), Bayesian algorithms (e.g., naive
Bayes, Gaussian naive Bayes, multinomial naive Bayes, average one-dependence
estimators (AODE), Bayesian belief network (BNN), Bayesian networks),
clustering algorithms (e.g., k-means, k-medians, expectation maximization (EM),
hierarchical clustering), association rule learning algorithms (e.g., perceptron, back-
propagation, hopfield network, Radial Basis Function Network (RBFN)), deep learning
algorithms (e.g., Deep Boltzmann Machine (DBM), Deep Belief Networks (DBN),
Convolutional Neural Network (CNN), Stacked Auto-Encoders), Dimensionality
Reduction Algorithms (e.g., Principal Component Analysis (PCA), Principal
Component Regression (PCR), Partial Least Squares Regression (PLSR), Sammon
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Mapping, Multidimensional Scaling (MDS), Projection Pursuit, Linear Discriminant
Analysis (LDA), Mixture Discriminant Analysis (MDA), Quadratic Discriminant
Analysis (QDA), Flexible Discriminant Analysis (FDA)), Ensemble Algorithms (e.g.,
Boosting, Bootstrapped Aggregation (Bagging), AdaBoost, Stacked Generalization
(blending), Gradient Boosting Machines (GBM), Gradient Boosted Regression Trees
(GBRT), Random Forest), SVM (support vector machine), supervised learning,
unsupervised learning, semi-supervised learning, etc.

[0075] Additional examples of architectures include neural networks such as
ResNet50, ResNet101, VGG, DenseNet, PointNet, and the like.

[0076] In at least one example, the sensor system(s) 406 can include LIDAR
sensors, radar sensors, ultrasonic transducers, SONAR sensors, location sensors (e.g.,
GPS, compass, etc.), inertial sensors (e.g., inertial measurement units, accelerometers,
magnetometers, gyroscopes, etc.), cameras (e.g., RGB, IR, intensity, depth, time of
flight, etc.), microphones, wheel encoders, environment sensors (e.g., temperature
sensors, humidity sensors, light sensors, pressure sensors, etc.), etc. The sensor
system(s) 406 can include multiple instances of each of these or other types of sensors.
For instance, the LIDAR sensors (and/or radar sensors) can include individual LIDAR
sensors (or radar sensors) located at the corners, front, back, sides, and/or top of the
vehicle 402. As another example, the camera sensors can include multiple cameras
disposed at various locations about the exterior and/or interior of the vehicle 402. The
sensor system(s) 406 can provide input to the vehicle computing device 404,
Additionally or alternatively, the sensor system(s) 406 can send sensor data, via the one
or more networks 438, to the one or more computing device(s) at a particular frequency,
after a lapse of a predetermined period of time, in near real-time, etc.

[0077] The vehicle 402 can also include one or more emitters 408 for emitting light
and/or sound, as described above. The emitters 408 in this example include interior
audio and visual emitters to communicate with passengers of the vehicle 402. By way
of example and not limitation, interior emitters can include speakers, lights, signs,
display screens, touch screens, haptic emitters (e.g., vibration and/or force feedback),
mechanical actuators (e.g., seatbelt tensioners, seat positioners, headrest positioners,
etc.), and the like. The emitters 408 in this example also include exterior emitters. By
way of example and not limitation, the exterior emitters in this example include lights
to signal a direction of travel or other indicator of vehicle action (e.g., indicator lights,
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signs, light arrays, etc.), and one or more audio emitters (e.g., speakers, speaker arrays,
horns, etc.) to audibly communicate with pedestrians or other nearby vehicles, one or
more of which comprising acoustic beam steering technology.

[0078] The vehicle 402 can also include one or more communication
connection(s) 410 that enable communication between the vehicle 402 and one or more
other local or remote computing device(s). For instance, the communication
connection(s) 410 can facilitate communication with other local computing device(s)
on the vehicle 402 and/or the drive module(s) 414. Also, the communication
connection(s) 410 can allow the vehicle to communicate with other nearby computing
device(s) (e.g., other nearby vehicles, traffic signals, etc.). The communications
connection(s) 410 also enable the vehicle 402 to communicate with a remote
teleoperations computing device or other remote services.

[0079] The communications connection(s) 410 can include physical and/or logical
interfaces for connecting the vehicle computing device 404 to another computing
device or a network, such as network(s) 438. For example, the communications
connection(s) 410 can enable Wi-Fi-based communication such as via frequencies
defined by the IEEE 802.11 standards, short range wireless frequencies such as
Bluetooth, cellular communication (e.g., 2G., 3G, 4G, 4G LTE, 5G, etc.) or any suitable
wired or wireless communications protocol that enables the respective computing
device to interface with the other computing device(s).

[0080] In at least one example, the vehicle 402 can include one or more drive
modules 414. In some examples, the vehicle 402 can have a single drive module 414.
In at least one example, if the vehicle 402 has multiple drive modules 414, individual
drive modules 414 can be positioned on opposite ends of the vehicle 402 (e.g., the front
and the rear, etc.). In at least one example, the drive module(s) 414 can include one or
more sensor systems to detect conditions of the drive module(s) 414 and/or the
surroundings of the vehicle 402. By way of example and not limitation, the sensor
system(s) 406 can include one or more wheel encoders (e.g., rotary encoders) to sense
rotation of the wheels of the drive modules, inertial sensors (e.g., inertial measurement
units, accelerometers, gyroscopes, magnetometers, etc.) to measure orientation and
acceleration of the drive module, cameras or other image sensors, ultrasonic sensors to
acoustically detect objects in the surroundings of the drive module, LIDAR sensors,
radar sensors, etc. Some sensors, such as the wheel encoders can be unique to the drive
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module(s) 414. In some cases, the sensor system(s) on the drive module(s) 414 can
overlap or supplement corresponding systems of the vehicle 402 (e.g., sensor
system(s) 406).

[0081] The drive module(s) 414 can include many of the vehicle systems, including
a high voltage battery, a motor to propel the vehicle 402, an inverter to convert direct
current from the battery into alternating current for use by other vehicle systems, a
steering system including a steering motor and steering rack (which can be electric), a
braking system including hydraulic or electric actuators, a suspension system including
hydraulic and/or pneumatic components, a stability control system for distributing
brake forces to mitigate loss of traction and maintain control, an HVAC system, lighting
(e.g., lighting such as head/tail lights to illuminate an exterior surrounding of the
vehicle), and one or more other systems (e.g., cooling system, safety systems, onboard
charging system, other electrical components such as a DC/DC converter, a high
voltage junction, a high voltage cable, charging system, charge port, etc.). Additionally,
the drive module(s) 414 can include a drive module controller which can receive and
preprocess data from the sensor system(s) and to control operation of the various
vehicle systems. In some examples, the drive module controller can include one or
more processors and memory communicatively coupled with the one or more
processors. The memory can store one or more modules to perform various
functionalities of the drive module(s) 414. Furthermore, the drive module(s) 414 also
include one or more communication connection(s) that enable communication by the
respective drive module with one or more other local or remote computing device(s).
[0082] The processor(s) 416 of the vehicle 402 can be any suitable processor
capable of executing instructions to process data and perform operations as described
herein. By way of example and not limitation, the processor(s) 416 can comprise one
or more Central Processing Units (CPUs), Graphics Processing Units (GPUs), or any
other device or portion of a device that processes electronic data to transform that
electronic data into other electronic data that can be stored in registers and/or memory.
In some examples, integrated circuits (e.g., ASICs, etc.), gate arrays (e.g., FPGAs, etc.),
and other hardware devices can also be considered processors in so far as they are
configured to implement encoded instructions.

[0083] The memory 418 is an example of non-transitory computer-readable media.
The memory 418 can store an operating system and one or more software applications,
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instructions, programs, and/or data to implement the methods described herein and the
functions attributed to the various systems. In various implementations, the memory
can be implemented using any suitable memory technology, such as static random
access memory (SRAM), synchronous dynamic RAM (SDRAM), nonvolatile/Flash-
type memory, or any other type of memory capable of storing information. The
architectures, systems, and individual elements described herein can include many
other logical, programmatic, and physical components, of which those shown in the
accompanying figures are merely examples that are related to the discussion herein.
[0084] It should be noted that while FIG. 4 is illustrated as a distributed system, in
alternative examples, components of the vehicle 402 can be associated with remote
computing devices accessible via the network(s) 438.

[0085] For example, the vehicle 402 can send sensor data to one or more computing
device(s) 440, via the network(s) 438. In some examples, the vehicle 402 can send raw
sensor data to the computing device(s) 440. In other examples, the vehicle 402 can
send processed sensor data and/or representations of sensor data to the computing
device(s) 440. In some examples, the vehicle 402 can send sensor data to the computing
device(s) 440 at a particular frequency, after a lapse of a predetermined period of time,
in near real-time, etc. In some cases, the vehicle 402 can send sensor data (raw or
processed) to the computing device(s) 440 as one or more log files.

[0086] The computing device(s) 440 can receive the sensor data (raw or processed)
and can perform calibration operations on the data. In at least one example, the
computing device(s) 440 can include one or more processors 442 and memory 444
communicatively coupled with the one or more processors 442. In the illustrated
example, the memory 444 of the computing device(s) 440 stores a calibration
component 446, which can include functionality to perform operations similar to those
discussed above in the context of the calibration component 428. In some instances,
the processor(s) 442 and the memory 444 can include functionality and/or structure
similar to that discussed above with respect to the processor(s) 416 and the
memory 418.

[0087] FIGS. 1, 2, 5, and 6 illustrate example processes in accordance with
embodiments of the disclosure. These processes are illustrated as logical flow graphs,
each operation of which represents a sequence of operations that can be implemented
in hardware, software, or a combination thereof In the context of software, the
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operations represent computer-executable instructions stored on one or more computer-
readable storage media that, when executed by one or more processors, perform the
recited operations. Generally, computer-executable instructions include routines,
programs, objects, components, data structures, and the like that perform particular
functions or implement particular abstract data types. The order in which the operations
are described is not intended to be construed as a limitation, and any number of the
described operations can be combined in any order and/or in parallel to implement the
processes.

[0088] FIG. 5 depicts an example process 500 for calibrating one or more sensors
by projecting sensor data onto a grid to minimize an error such as an entropy value, as
discussed herein. For example, some or all of the process 500 can be performed by one
or more components in FIG. 4, as described herein. For example, some or all of the
process 500 can be performed by the calibration components 428 and/or 446.

[0089] At operation 502, the process can include receiving first sensor data and
second sensor data captured by one or more sensors disposed on a vehicle. In the
context of a single sensor, the first sensor data and the second sensor data can represent
data acquired as the sensor moves through the environment. In some examples, such
data may represent multiple passes of the vehicle through the same environment. For
example, the first sensor data can represent data captured in the environment at a first
time, which the second sensor data can represent data captured in the environment at a
second time.

[0090] In the context of a plurality of sensors, the operation 502 can include
receiving at least the first sensor data and the second sensor data from a first sensor and
second sensor. In some instances, the first sensor data can be captured substantially
simultaneously with the second sensor data (e.g., within technical tolerances and/or
within an amount of time which would not impact the calibration technique described
herein). In some instances, at least a portion of the first sensor data can represent a
same environment as at least a portion of the second sensor data. In some instances, the
operation 502 can include receiving localization information, for example, which may
provide information about a pose (e.g., position and/or orientation) of the vehicle. In
some instances, the localization information may be provided by a CLAMS

(calibration, localization, and mapping, simultaneously) system.  Additionally,
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velocities (linear and/or angular), accelerations (linear and/or angular), etc. may also be
provided by one or more systems and/or sensors.

[0091] At operation 504, the process can include generating a plurality of
projections by projecting the first sensor data and the second sensor data onto a grid
(e.g., a two- or three-dimensional grid). In some instances, the operation 504 can
include selecting a combinatorial search algorithm to generate an exhaustive or nearly
exhaustive set of possible projections of the sensor data. For example, the
operation 504 can include projecting the first data and the second data in accordance
with a combinatorial search table (e.g., as illustrated in the example 210). In some
instances, the plurality of projections can represent different positions and/or
orientations (e.g., poses) of the one or more sensors relative to each other and/or relative
to the vehicle.

[0092] In some instances, the operation 504 can include determining a histogram,
such as a two-dimensional spatial histogram, representing the projection of sensor data
for each projection of the plurality of projections. In some instance, the histogram can
represent, at least in part, a number of data points that were projected into each cell of
the grid. In some instances, the operation 504 can include normalizing the histogram
to determine a probability distribution over the projection.

[0093] At operation 506, the process can include determining an error (e.g., an
entropy value) for each projection of the plurality of projections. In some instances,
the operation 506 can include determining an entropy value for each probability
distribution associated with individual projections of the plurality of projections. In
some instances, the operation 506 can include determining a Shannon entropy, a Rényi
entropy, a Hartley entropy, a collision entropy, a minimum entropy, and the like. In
some instances, the operation 506 can include utilizing a gradient descent algorithm to
determine an error associated with each projection.

[0094] At operation 508, the process can include determining whether the error
(e.g. the lowest entropy) and/or a change in error (as compared to a previous iteration
or reference value) is below a threshold. In some instances, the operation 508 can
include determining a lowest entropy value of the plurality of entropy values
determining in the operation 506 (which, in some cases, can represent an optimal
calibration of the one or more sensors or a best fit based on the search algorithm and/or
search precision). In some instances, the threshold can be selected based on a type of
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sensor, anumber of sensors, conditions of an environment, ambient temperature, device
temperature, and the like. In some instances, the threshold can be based in part on an
entropy value determined by a previous calibration operation.

[0095] If the error (or change in error) is not below the threshold value (e.g., “no”
in the operation 508), the process can continue to operation 510, which can include
updating a search precision.

[0096] In some instances, the operation 510 can include updating a search precision
(e.g., evaluating a combinatorial search algorithm on angles of 20 degrees, 15 degrees,
5 degrees, 1 degrees, and the like) and/or based on grid size (e.g., cells having
dimensions of 10 cm by 10 ¢cm, 5 cm by Scm, 1 cm by 1 c¢m, and the like). Additional
examples are detailed with respect to FIG. 2, above. Of course, any values can be used
and the examples listed are not intended to be limiting.

[0097] After the search precision has been updated in the operation 510, the process
can return to the operation 504 to project the sensor data onto a grid to generate a
plurality of projections.

[0098] If the error is below a threshold (e.g., “yes” in the operation 508), the process
proceeds to operation 512.

[0099] At operation 512, the process can include selecting a projection of the
plurality of projections representing a lowest error (e.g., a lowest entropy value).
[0100] At operation 514, the process can include determining, based at least in part
on the projection, calibration data associated with the one or more sensors. For
example, as discussed above in connection with FIG. 1, the example 142 may represent
a lowest entropy value of the plurality of projections. The example 142 is associated
with the orientation 158, which represents an adjustment from a reference orientation
which resulted in the optimal calibration. In some instances, the operation 514 can
include determining one or more calibration angles (or calibration characteristics,
generally), for example, by adding or subtracting an adjustment angle from a reference
angle to determine the optimal calibration data.

[0101] At operation 516, the process can include calibrating the one or more sensors
based at least in part on the calibration data. For example, the operation 516 can include
sending the calibration data to one or more of a localization system (e.g., the
localization component 420), a perception system (e.g., the perception component 422),
and the like. In some instances, the calibration data can be used by one or more systems
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of the vehicle to align or otherwise adjust data captured by the one or more sensors so
that the data can represent the environment in an accurate manner.

[0102] FIG. 6 depicts an example process 600 for controlling an autonomous
vehicle based at least in part on calibrated sensor data, as discussed herein. For
example, some or all of the process 600 can be performed by one or more components
in FIG. 4, as described herein. For example, some or all of the process 600 can be
performed by the localization component 420, the perception component 422, the
planning component 424, and/or the one or more system controllers 426.

[0103] At operation 602, the process can include receiving updated calibration data.
In some instances, the calibration data can be determined using the calibration
techniques discussed herein.

[0104] At operation 604, the process can include generating a trajectory based at
least in part on the updated calibration data. For example, the trajectory generated in
the operation 604 may be based at least in part on sensor data received from one or
more sensors calibrated using the calibration data. In some instances, the trajectory can
be based on a presence of objects or agents external to an autonomous vehicle in an
environment.

[0105] At operation 606, the process can include controlling an autonomous vehicle
to follow the trajectory. In some instances, the commands generated in the
operation 606 can be relayed to a controller onboard an autonomous vehicle to control
the autonomous vehicle to drive the trajectory. Although discussed in the context of an
autonomous vehicle, the process 600, and the techniques and systems described herein,

can be applied to a variety systems utilizing machine vision.

EXAMPLE CLAUSES

[0106] A. A system comprising: one or more processors; and one or more
computer-readable media storing instructions executable by the one or more processors,
wherein the instructions cause the system to perform operations comprising: receiving
first sensor data captured by a first radar sensor disposed on an autonomous vehicle;
receiving second sensor data captured by a second radar sensor disposed on the
autonomous vehicle; projecting, based at least in part on a plurality of orientations of
the first radar sensor and the second radar sensor, a first portion of the first sensor data
and a second portion of the second sensor data with a two-dimensional grid as a
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plurality of projected data; determining, based at least in part on the plurality of
projected data, an entropy; determining, based at least in part on the entropy, a first
calibration angle associated with the first sensor; determining, based at least in part on
the entropy, a second calibration angle associated with the second sensor; calibrating,
based at least in part on the first calibration angle, the first radar sensor as a calibrated
first radar sensor; calibrating, based at least in part on the second calibration angle, the
second radar sensor as a calibrated second radar sensor; generating, based at least in
part on the calibrated first radar sensor and the calibrated second radar sensor, a
trajectory to control the autonomous vehicle; and controlling the autonomous vehicle
to follow the trajectory.

[0107] B: The system of paragraph A, wherein determining the entropy comprises:
determining a plurality of first entropy values based at least in part on a subset of the
plurality of projected data; determining that a first entropy value of the plurality of first
entropy values meets or exceeds a threshold value; reducing a search precision;
associating, based at least in part on the search precision and a plurality of second
orientations of the first radar sensor and the second radar sensor, the first portion of the
first sensor data and the second portion of the second sensor data with the two-
dimensional grid as a second plurality of projected data; determining a plurality of
second entropy values based at least in part on a subset of the second plurality of
projected data; and determining, as the entropy, a second entropy value of the plurality
of second entropy values.

[0108] C: The system of paragraph A or B, wherein the plurality of orientations
comprises a combinatorial set of orientations of the first radar sensor and the second
radar sensor in each of a clockwise rotation, counterclockwise rotation, and neutral
rotation.

[0109] D: The system of any of paragraphs A—C, wherein the instructions, when
executed by the one or more processors, further cause the system to perform operations
comprising: determining, based on the plurality of projected data, a plurality of
probability distributions, wherein determining the entropy is based at least in part on
the plurality of probability distributions.

[0110] E: The system of any of paragraphs A-D, wherein the instructions, when
executed by the one or more processors, further cause the system to perform operations
comprising: determining that the first portion of the first sensor data represents first
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stationary data; and determining that the second portion of the second sensor data
represents second stationary data.

[0111] F: A method comprising: receiving first sensor data captured by a first
sensor; receiving second sensor data captured by a second sensor; associating, based at
least in part on a plurality of poses of the first sensor and the second sensor, the first
sensor data and the second sensor data with a grid, as a plurality of projected data;
determining, based at least in part on the plurality of projected data, an entropy;
determining, based at least in part on the entropy, first calibration data associated with
the first sensor; determining, based at least in part on the entropy, second calibration
data associated the second sensor; calibrating the first sensor based at least in part on
the first calibration data; and calibrating the second sensor based at least in part on the
second calibration data.

[0112] G: The method of paragraph F, wherein the plurality of poses comprises a
combinatorial set of pose transformations across one or more dimensions.

[0113] H: The method of paragraph G, wherein: the grid is a two-dimensional grid;
the combinatorial set of pose transformations comprise yaw rotations; the first sensor
is a first radar sensor having a first field of view; the second sensor is a second radar
sensor having a second field of view; and the first field of view at least partially overlaps
the second field of view.

[0114] I: The method of any of paragraphs F-H, wherein the plurality of projected
datais a first plurality of projected data based at least in part on a first search precision,
and wherein the entropy is a first entropy value, the method further comprising:
determining that the first entropy value meets or exceeds a threshold entropy value;
selecting a second search precision associated with a second grid; associating, based at
least in part on the second search precision and a plurality of second poses of the first
sensor and the second sensor, the first sensor data and the second sensor data with the
second grid, as a second plurality of projected data; and determining, as the entropy, a
second entropy value associated with the second plurality of projected data.

[0115] J: The method of paragraph I, wherein a first cell size of the first search
precision differs from a second cell size of the second search precision, and further
wherein the first plurality of poses differs from the second plurality of poses.

[0116] K: The method of any of paragraphs F—J, wherein determining the entropy
comprises determining a Shannon entropy of a subset of the plurality of projected data.
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[0117] L: The method of any of paragraphs F-K, wherein the plurality of projected
data is determined substantially simultaneously.

[0118] M: The method of any of paragraphs F-L, further comprising: receiving,
based at least in part on the first calibration data, first calibrated sensor data captured
by the first sensor; receiving, based at least in part on the second calibration data, second
calibrated sensor data captured by the second sensor; generating, based at least in part
on first calibrated sensor data and the second calibrated sensor data, a trajectory for an
autonomous vehicle to follow; and causing the autonomous vehicle to follow the
trajectory.

[0119] N: The method of any of paragraphs F—-M, wherein the first sensor and the
second sensor correspond to a single physical sensor, and further wherein the first
sensor data comprises data acquired from the single physical sensor at a first time and
the second sensor data comprises data acquired from the single physical sensor at a
second time.

[0120] O: The method of any of paragraphs F-N, wherein at least a portion the first
sensor data and a portion of the second sensor data correspond to a same portion of an
environment.

[0121] P: A non-transitory computer-readable medium storing instructions that,
when executed, cause one or more processors to perform operations comprising:
receiving first sensor data captured by a first sensor; receiving second sensor data
captured by a second sensor; associating, based at least in part on a plurality of poses
of the first sensor and the second sensor, the first sensor data and the second sensor data
with a grid, as a plurality of projected data; determining, based at least in part on the
plurality of projected data, an entropy; determining, based at least in part on the entropy,
first calibration data associated with the first sensor; determining, based at least in part
on the entropy, second calibration data associated the second sensor; calibrating the
first sensor based at least in part on the first calibration data; and calibrating the second
sensor based at least in part on the second calibration data.

[0122] Q: The non-transitory computer-readable medium of paragraph P, wherein
the plurality of poses comprises a combinatorial set of pose transformations in at least
one dimension.

[0123] R: The non-transitory computer-readable medium of paragraph P or Q,
wherein the grid includes a plurality of cells, the operations further comprising:

29

PCT/US2019/022561



10

15

20

25

30

WO 2019/182909

determining that the entropy meets or exceeds a threshold; altering a search precision;
determining, based at least on the search precision, a second plurality of poses;
associating, based at least in part on second plurality of poses, the first sensor data and
the second sensor data with the grid, as a second plurality of projected data; determining
a plurality of second entropy values associated with the second plurality of projected
data; and determining, as the entropy, a second entropy value of the plurality of second
entropy values.

[0124] S: The non-transitory computer-readable medium of any of paragraphs P—
R, the operations further comprising: receiving, based at least in part on the first
calibration data, first calibrated sensor data captured by the first sensor; receiving, based
at least in part on the second calibration data, second calibrated sensor data captured by
the second sensor; generating, based at least in part on the first calibrated sensor data
and the second calibrated sensor data, a trajectory for an autonomous vehicle to follow;
and causing the autonomous vehicle to follow the trajectory.

[0125] T: The non-transitory computer-readable medium of any of paragraphs P—
S, wherein determining the entropy comprises determining a Shannon entropy
associated with at least a portion of the plurality of projected data.

[0126] While the example clauses described above are described with respect to
one particular implementation, it should be understood that, in the context of this
document, the content of the example clauses can also be implemented via a method,

device, system, and/or computer-readable medium.

CONCLUSION

[0127] While one or more examples of the techniques described herein have been
described, various alterations, additions, permutations and equivalents thereof are
included within the scope of the techniques described herein.

[0128] In the description of examples, reference is made to the accompanying
drawings that form a part hereof, which show by way of illustration specific examples
of the claimed subject matter. It is to be understood that other examples can be used
and that changes or alterations, such as structural changes, can be made. Such
examples, changes or alterations are not necessarily departures from the scope with
respect to the intended claimed subject matter. While the steps herein can be presented
in a certain order, in some cases the ordering can be changed so that certain inputs are
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provided at different times or in a different order without changing the function of the
systems and methods described. The disclosed procedures could also be executed in
different orders. Additionally, various computations that are herein need not be
performed in the order disclosed, and other examples using alternative orderings of the
computations could be readily implemented. In addition to being reordered, the

computations could also be decomposed into sub-computations with the same results.
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CLAIMS

What is claimed is:

1. A system comprising;
one or more processors; and
one or more computer-readable media storing instructions executable by the one
or more processors, wherein the instructions cause the system to perform operations
comprising:
receiving first sensor data captured by a first radar sensor;
receiving second sensor data captured by a second radar sensor;
projecting, based at least in part on a plurality of orientations of the first
radar sensor and the second radar sensor, a first portion of the first sensor data
and a second portion of the second sensor data with a two-dimensional grid as
a plurality of projected data;
determining, based at least in part on the plurality of projected data, an
entropy;
determining, based at least in part on the entropy, a first calibration angle
associated with the first sensor;
determining, based at least in part on the entropy, a second calibration
angle associated with the second sensor;
calibrating, based at least in part on the first calibration angle, the first
radar sensor as a calibrated first radar sensor; and
calibrating, based at least in part on the second calibration angle, the

second radar sensor as a calibrated second radar sensor.

2. The system of claim 1, wherein determining the entropy comprises:

determining a plurality of first entropy values based at least in part on a subset
of the plurality of projected data;

determining that a first entropy value of the plurality of first entropy values
meets or exceeds a threshold value;

reducing a search precision;

associating, based at least in part on the search precision and a plurality of
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second orientations of the first radar sensor and the second radar sensor, the first portion
of the first sensor data and the second portion of the second sensor data with the two-
dimensional grid as a second plurality of projected data;

determining a plurality of second entropy values based at least in part on a
subset of the second plurality of projected data; and

determining, as the entropy, a second entropy value of the plurality of second

entropy values.

3. The system of claims 1 or 2, wherein the plurality of orientations comprises a
combinatorial set of orientations of the first radar sensor and the second radar sensor in

each of a clockwise rotation, counterclockwise rotation, and neutral rotation.

4. The system of claims 1 or 2, wherein the operations further comprise:
determining, based on the plurality of projected data, a plurality of probability
distributions,
wherein determining the entropy is based at least in part on the plurality of

probability distributions.

5. The system of claims 1 or 2, wherein the operations further comprise:
determining that the first portion of the first sensor data represents first
stationary data;
determining that the second portion of the second sensor data represents second
stationary data;
generating, based at least in part on the calibrated first radar sensor and the
calibrated second radar sensor, a trajectory to control an autonomous vehicle; and

controlling the autonomous vehicle to follow the trajectory.

6. A method comprising;
receiving first sensor data captured by a first sensor;
receiving second sensor data captured by a second sensor;
associating, based at least in part on a plurality of poses of the first sensor and
the second sensor, the first sensor data and the second sensor data with a grid, as a
plurality of projected data;
33
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determining, based at least in part on the plurality of projected data, an entropy;

determining, based at least in part on the entropy, first calibration data
associated with the first sensor;

determining, based at least in part on the entropy, second calibration data
associated the second sensor;

calibrating the first sensor based at least in part on the first calibration data; and

calibrating the second sensor based at least in part on the second calibration

data.

7. The method of claim 6, wherein the plurality of poses comprises a combinatorial

set of pose transformations across one or more dimensions.

8. The method of claim 7, wherein:
the grid is a two-dimensional grid;
the combinatorial set of pose transformations comprise yaw rotations;
the first sensor is a first radar sensor having a first field of view;
the second sensor is a second radar sensor having a second field of view; and

the first field of view at least partially overlaps the second field of view.

9. The method of any one of claims 6 to 8, wherein determining the entropy

comprises determining a Shannon entropy of a subset of the plurality of projected data.

10.  The method of any one of claims 6 to 8, wherein the first sensor and the second
sensor are on an autonomous vehicle, the method further comprising:

receiving, based at least in part on the first calibration data, first calibrated
sensor data captured by the first sensor;

receiving, based at least in part on the second calibration data, second calibrated
sensor data captured by the second sensor;

generating, based at least in part on first calibrated sensor data and the second
calibrated sensor data, a trajectory for the autonomous vehicle to follow; and

causing the autonomous vehicle to follow the trajectory.
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11.  The method of any one of claims 6 to 8, wherein the first sensor and the second
sensor correspond to a single physical sensor, and

further wherein the first sensor data comprises data acquired from the single
physical sensor at a first time and the second sensor data comprises data acquired from

the single physical sensor at a second time.

12.  The method of any one of claims 6 to 8, wherein at least a portion the first sensor
data and a portion of the second sensor data correspond to a same portion of an

environment.

13. The method of any one of claims 6 to 8, wherein the plurality of projected data
is a first plurality of projected data, the method further comprising;

determining that the entropy meets or exceeds a threshold;

altering a search precision;

determining, based at least on the search precision, a second plurality of poses;

associating, based at least in part on the second plurality of poses, the first sensor
data and the second sensor data with the grid, as a second plurality of projected data;

determining a plurality of second entropy values associated with the second
plurality of projected data; and

determining, as the entropy, a second entropy value of the plurality of second

entropy values.

14. The method of claim 13, wherein:

the first plurality of projected data is associated with a first search precision and
a first cell size;

the second plurality of projected data is associated with a second search
precision and a second cell size that differs from the first cell size; and

the first plurality of poses differs from the second plurality of poses.

15. A computer program product comprising coded instructions that, when run on

a computer, implement a method as claimed in any one of claims 6 to 8.

35

PCT/US2019/022561



WO 2019/182909 PCT/US2019/022561

112 (E.G., PHYSICAL ORIENTATION
OF SENSOR(S))
Z

100
N

CAPTURE DATA

102 106
- y,
126 (E.G.,, EXPECTED ORIENTATION
BASED ON CALIBRATION ANGLE(S))
Z
s A

PROJECT A PORTION
OF THE DATA BASED ON
CALIBRATION ANGLE(S)

122
\ y,

. v \
PROJECT THE PORTION
OF THE DATA ONTO A
GRID TO MINIMIZE AN
ENTROPY VALUE
136

162 (E.G., EXPECTED ORIENTATION BASED
ON UPDATED CALIBRATION ANGLE(S))

4 A
GENERATE UPDATED

|
I
CALIBRATION ANGLE(S) | 164 W 166 W
I
I
I

BASED ON THE
ENTROPY VALUE

160
\_ J \ 11 —_—

FIG. 1




WO 2019/182909

200
N

PROJECT A PORTION OF THE
DATA ONTO A GRID BASED
ON CALIBRATION ANGLE(S)

202

SELECT PRECISION FOR
COMBINATORIAL SEARCH
206

PERFORM THE
COMBINATORIAL SEARCH
208

AND/OR PRECISION
BELOW THRESHOLD?,

GENERATE UPDATED
CALIBRATION ANGLE(S)
222

FIG. 2

PCT/US2019/022561

204
N 108 144

'[-210
/ SENSOR A SENSOR B
// ORIENTATION | ORIENTATION
7 0 0 212
/ 1 0 . 214
/
1 8]
-1
-1 -1
1 -1
8] 1
-1 1
1 1
., [C=Z T o e
AN . .
N
N I




WO 2019/182909 PCT/US2019/022561

300
N

314 302
Se \ /318
¥
3047
©7 /
312

FIG. 3B



PCT/US2019/022561

4L/6

WO 2019/182909

7 9l

\
4 - N\ 7
viv \\
(S)3NaoW IAQ h
. J 4 mm“.v N\ |.Vm“.v N
( =5 ) ININOdIWD] ININOdWDI
NOILD3INND] L03¥IQ \___AdO#INF )\ __ NOWD3rodd
. J
( N r o D ( 2y \( 0eFr )
- (SINOILJINND ININOdIWD] ININOdWDI
vLv( NOLLVHEITY V1V A4VNOILYL
ININOdIWOJ NOILVHEITYD \____NOUVIINAWWOT ) Y0 2\ S
r ~ L 82T ININOdWOD NOILYHEITVD )
S———— oloNy ¥ORALX e
. J WNSIA HOMALXT @ - N —— 2 (@)
4 =% A 0lONY HORALN] e 92 (S)4aTI0HINDD ver
W3LSAS ONINNV 1
L (s)40Ss300Ud ) TVNSIA HOIH3LIN] e \ AN y a\
faYat™ ( N\ N\
L DO%F (s)301A3Q 9NILNdWO] ) \_ 807 (S)HaLLINg y ccv 0cvy
<< — 7 - ~ NOILd30¥43d NOILYZITVI0]
~ - VINIWNDHIANT o \ J y
! INOHdOHIIN =157
vInvy el | | AHOWAN
avavy e | 2 — Y
availm e aty
WILHAN] (S)40SS320Hd
NOWvoDq] ef | S o
© 8EV X 90¥ (S)W3LSAS HOSN3S )L 0¥ 301A3Q ONILNAWOT) T1DIHIA
SMHoMIIN jE—>
20¥ 319113
L % A ) ﬂ
00tv



WO 2019/182909 PCT/US2019/022561

oo 5/6
2

RECEIVE FIRST SENSOR DATA AND SECOND SENSOR DATA CAPTURED BY
ONE OR MORE SENSORS DISPOSED ON A VEHICLE
502

GENERATE A PLURALITY OF PROJECTIONS BY ASSOCIATING THE FIRST
SENSOR DATA AND THE SECOND SENSOR DATA WITH A GRID (E.G,, A
Two-DIMENSIONAL GRID)

504

PROJECTION OF THE PLURALITY OF PROJECTIONS

DETERMINE AN ERROR (E.G., AN ENTROPY VALUE) FOR EACH
506

ERROR AND/OR PRECISION
BELOwW THRESHOLD? 508

UPDATE SEARCH
PRECISION

SELECT A PROJECTION OF THE PLURALITY OF PROJECTIONS
REPRESENTING A LOWEST ERROR (E.G., A LOWEST ENTROPY VALUE)
512

DETERMINE, BASED AT LEAST IN PART ON THE PROJECTION, CALIBRATION
DATA ASSOCIATED WITH THE ONE OR MORE SENSORS
514

R
|

CALIBRATION DATA

CALIBRATE THE ONE OR MORE SENSORS BASED AT LEAST IN PART ON THE
516

FIG. 5



WO 2019/182909 PCT/US2019/022561

<00 6/6
2

RECEIVE UPDATED CALIBRATION DATA
602

GENERATE A TRAJECTORY BASED AT LEAST IN PART ON THE UPDATED
CALIBRATION DATA
604

CONTROL AN AUTONOMOUS VEHICLE TO FOLLOW THE TRAJECTORY
606

FIG. 6



INTERNATIONAL SEARCH REPORT

International application No

PCT/US2019/022561

A. CLASSIFICATION OF SUBJECT MATTER

INV. GO1S7/40 G01S15/93
ADD.

GO01S17/93

GO01S7/497 G01S13/93

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

GO1S

Minimum documentation searched (classification system followed by classification symbols)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

EPO-Internal, WPI Data

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

4 April 2013 (2013-04-04)
page 3 - page 4

1,2

A WO 20137045927 Al (UNIV OXFORD [GB])

page 7, line 6 - page 19, line 7; figures

1-15

_/__

Further documents are listed in the continuation of Box C.

See patent family annex.

* Special categories of cited documents :

"A" document defining the general state of the art which is not considered
to be of particular relevance

"E" earlier application or patent but published on or after the international
filing date

"L" document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

"O" document referring to an oral disclosure, use, exhibition or other
means

"P" document published prior to the international filing date but later than
the priority date claimed

"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

"X" document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

"Y" document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

"&" document member of the same patent family

Date of the actual completion of the international search

24 May 2019

Date of mailing of the international search report

12/06/2019

Name and mailing address of the ISA/

European Patent Office, P.B. 5818 Patentlaan 2
NL - 2280 HV Rijswijk

Tel. (+31-70) 340-2040,

Fax: (+31-70) 340-3016

Authorized officer

Kaleve, Abraham

Form PCT/ISA/210 (second sheet) (April 2005)

page 1 of 2




INTERNATIONAL SEARCH REPORT

International application No

PCT/US2019/022561

C(Continuation). DOCUMENTS CONSIDERED TO BE RELEVANT

Category™

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

A

Mark Sheehan ET AL: "Automatic
Self-Calibration Of A Full Field-0f-View
3D n-Laser Scanner",

International Symposium on Experimental
Robotics,

18 December 2010 (2010-12-18),
XP055048253,

Delhi, India

DOI: 10.1007/978-3-642-28572-1 12
Retrieved from the Internet:
URL:http://europa.informatik.uni-freiburg.
de/files/SheehanHarrisonNewman ISER2010.pd
f

[retrieved on 2012-12-18]

abstract

paragraph [0003] - paragraph [0004]

SAEZ J M ET AL: "Underwater 3D SLAM
through entropy minimization",

2006 TEEE INTERNATIONAL CONFERENCE ON
ROBOTICS AND AUTOMATION (ICRA) : ORLANDO,
FLORIDA, 15 - 19 MAY 2006, IEEE OPERATIONS
CENTER, PISCATAWAY, NJ,

15 May 2006 (2006-05-15), pages 3562-3567,
XP010921808,

DOI: 10.1109/ROBOT.2006.1642246

ISBN: 978-0-7803-9505-3

abstract

paragraph [III.]

EP 2 687 868 Al (HONEYWELL INT INC [US])
22 January 2014 (2014-01-22)

paragraph [0014] - paragraph [0034];
figures 1,2

1-15

1-15

1-15

Form PCT/ISA/210 (continuation of second sheet) (April 2005)

page 2 of 2




INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No

PCT/US2019/022561
Patent document Publication Patent family Publication
cited in search report date member(s) date

WO 2013045927 Al 04-04-2013 AU 2012314077 Al 17-04-2014
EP 2761324 Al 06-08-2014
US 2014240690 Al 28-08-2014
WO 2013045927 Al 04-04-2013
EP 2687868 Al 22-01-2014  EP 2687868 Al 22-01-2014
US 2014025331 Al 23-01-2014

Form PCT/ISA/210 (patent family annex) (April 2005)




	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - claims
	Page 34 - claims
	Page 35 - claims
	Page 36 - claims
	Page 37 - drawings
	Page 38 - drawings
	Page 39 - drawings
	Page 40 - drawings
	Page 41 - drawings
	Page 42 - drawings
	Page 43 - wo-search-report
	Page 44 - wo-search-report
	Page 45 - wo-search-report

