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(57) ABSTRACT

A vehicle is disclosed that uses data from different types of
on-board sensors to determine whether meteorological pre-
cipitation is failing near the vehicle. The vehicle may
include an on-board camera capturing image data and an
on-board accelerometer capturing accelerometer data. The
image data may characterize an area in front of or behind the
vehicle. The accelerometer data may characterize vibrations
of a windshield of the vehicle. An artificial neural network
may run on computer hardware carried on-board the vehicle.
The artificial neural network may be trained to classify
meteorological precipitation in an environment of the
vehicle using the image data and the accelerometer data as
inputs. The classifications of the artificial neural network
may be used to control one or more functions of the vehicle
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such as windshield-wiper speed, traction-control settings, or
the like.

20 Claims, 7 Drawing Sheets
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1
MULTI-SENSOR
PRECIPITATION-CLASSIFICATION
APPARATUS AND METHOD

BACKGROUND

Field of the Invention

This invention relates to vehicular systems and more
particularly to systems and methods for developing, training,
and applying algorithms for classifying meteorological pre-
cipitation or certain effects thereof in a driving environment.

Background of the Invention

Rain and other meteorological precipitation can affect the
functionality of vehicles. For example, rain can lower trac-
tion, enhance glare, impair vision, or the like. Accordingly,
what is needed is a vehicular system and method for
detecting and responding to rain and other meteorological
precipitation.

BRIEF DESCRIPTION OF THE DRAWINGS

In order that the advantages of the invention will be
readily understood, a more particular description of the
invention briefly described above will be rendered by ref-
erence to specific embodiments illustrated in the appended
drawings. Understanding that these drawings depict only
typical embodiments of the invention and are not therefore
to be considered limiting of its scope, the invention will be
described and explained with additional specificity and
detail through use of the accompanying drawings, in which:

FIG. 1 is a schematic diagram illustrating one embodi-
ment of a system in accordance with the present invention
carried on-board a vehicle;

FIG. 2 is a schematic block diagram illustrating one
embodiment of a system in accordance with the present
invention;

FIG. 3 is a schematic block diagram of one embodiment
of a training method in accordance with the present inven-
tion;

FIG. 4 is a schematic block diagram of a two-dimensional
space divided into a plurality of classes, each class corre-
sponding to a different precipitation condition;

FIG. 5 is a schematic block diagram of one embodiment
of a precipitation-detection method in accordance with the
present invention;

FIG. 6 is a schematic block diagram of a first alternative
embodiment of a precipitation-detection method in accor-
dance with the present invention; and

FIG. 7 is a schematic block diagram of a second alterna-
tive embodiment of a precipitation-detection method in
accordance with the present invention.

DETAILED DESCRIPTION

It will be readily understood that the components of the
present invention, as generally described and illustrated in
the Figures herein, could be arranged and designed in a wide
variety of different configurations. Thus, the following more
detailed description of the embodiments of the invention, as
represented in the Figures, is not intended to limit the scope
of the invention, as claimed, but is merely representative of
certain examples of presently contemplated embodiments in
accordance with the invention. The presently described
embodiments will be best understood by reference to the
drawings, wherein like parts are designated by like numerals
throughout.
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Referring to FIG. 1, the real world presents an array of
conditions and obstacles that are ever changing. This reality
creates significant challenges for vehicle-based systems pro-
viding autonomous control of certain vehicle functions or
dynamics and/or autonomous driving. To overcome these
challenges, a vehicle 10 may be equipped with sensors that
enable systems thereof to sense (and, therefore, appropri-
ately respond to) a surrounding environment and/or the
effects the surrounding environment on the vehicle 10.
Moreover, a vehicle 10 may be equipped with a diverse set
of sensors so that the weakness or “blind spots” of one
sensor may be covered or ameliorated by one or more other
sensors.

For example, a system 12 in accordance with the present
invention may include one or more image sensors 14. The
output of such sensors 14 may be very useful in classifying
meteorological precipitation in an area surrounding or near
a vehicle 10. However, the one or more image sensors 14 of
the system 12 may not characterize all aspects of meteoro-
logical precipitation. Accordingly, the system 12 may
include one or more other sensors 16 that characterize other
aspects of meteorological precipitation. By using the data
from multiple types of sensors 14, 16, a system 12 in
accordance with the present invention may be more robust
and accurate in its classifications of meteorological precipi-
tation.

In selected embodiments, a system 12 may analyze image
data collected or captured by one or more image sensors 14
carried on-board a vehicle 10. Such image sensors 14 may
include one or more cameras, Lidar devices, radar devices,
sonic imaging devices, or the like or combinations or
sub-combinations thereof. One or more image sensors 14
may be forward facing image sensors 14a, rearward facing
image sensors 144 (e.g., one or more back-up cameras),
in-cabin image sensors 14c (e.g., one or more cameras
capturing an interior or driver’s point of view of and/or
through a windshield), or the like or a combination or
sub-combination thereof.

In certain embodiments, Lidar, camera, radar, sound, and
prior high definitions maps or the like output by one or more
image sensors 14 (e.g., one or more forward facing image
sensors 14a) may be fused to allow prediction of precipita-
tion intensity or rate as well as when a corresponding storm
front may reach a vehicle 10. This may enable a feed-
forward system that would not have to wait until a driver’s
vision is impaired to turn on one or more wipers. It may also
provide a better estimation of desired wiper speed. Alterna-
tively, or in addition thereto, predictions of when a corre-
sponding storm front may reach a vehicle 10 may be used to
provide warnings to a corresponding driver and, for autono-
mous vehicles, an impetus for changing a path of travel in
favor of one or more potentially safer routes.

Image data (e.g., video) captured by one or more image
sensors 14 may be processed by a system 12 as individual
images or frames. For example, an artificial neural network
within a system 12 may be fed images or frames captured by
one or more image sensors 14. Accordingly, the artificial
neural network may take such images or frames into con-
sideration as it determines which class (e.g., which precipi-
tation condition of a closed set of precipitation conditions)
is represented therein.

In selected embodiments, an artificial neural network
corresponding to a system 12 in accordance with the present
invention may analyze multiple consecutive images cap-
tured by an image sensor 14 over a short period of time (e.g.,
several images captured over a period of a few seconds). If
a significant majority of the images are indicative as a first
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precipitation condition (e.g., rain falling at or near a par-
ticular precipitation rate), a system 12 may, depending on the
analysis of data corresponding to one or more other sensors
16, be more likely to determine that the first precipitation
condition is present in the environment of the vehicle 10.

Other sensors 16 included within a system 12 in accor-
dance with the present invention may include one or more
accelerometers (e.g., one or more accelerometers 16a posi-
tioned to monitor and characterize vibrations of a windshield
of a vehicle 10, which vibrations may be indicative of the
type and/or amount of meteorological precipitation that is
impacting the vehicle 10), one or more drivetrain sensors
(e.g., one or more sensors 165 positioned to monitor or
characterize wheel slippage, frictional engagement between
one or more tires a driving surface, or the like), one or more
temperature sensors (e.g., one or more thermometers mea-
suring outside temperature, which may be indicative of the
type of meteorological precipitation that is impacting the
vehicle 10), one or more pressure sensors (e.g., one or more
pressure sensors on a windshield, window, or other structure
of a vehicle 10 to monitor or characterize wind speed, which
may be used to provide better handling of vehicles 10 that
are autonomous), a speedometer, or the like or a combina-
tion or sub-combination thereof. Accordingly, an artificial
neural network may receive as an input the signal or data
derived from one or more such sensors 16. Thus, the
classifications made by an artificial neural network may be
more robust and accurate for being based on data collected
by or corresponding to one or more image sensors 14 and
one or more non-image sensors 16.

In certain embodiments, the classifications performed by
an artificial neural network may occur in real time with the
capturing of the sensor data upon which the classification is
based. That is, an artificial neural network may quantify the
correspondence of particular sensor data (e.g., image data,
accelerometer data, wheel-slippage or friction data, tem-
perature data, wind-speed data, vehicle-speed data, or the
like or a combination or sub-combination thereof) to one or
more classes within a very short period of time after the
capture of that particular sensor data by the various sensors
14, 16 forming part of a system 12. In selected embodi-
ments, that very short period of time may be about 10
seconds or less.

In selected embodiments, classifications or information
characterizing classifications may be passed or communi-
cated from a system 12 on-board a vehicle 10 to some
hardware located off-board the vehicle 10. That is, classifi-
cation information may be passed vehicle-to-vehicle (V2V),
vehicle-to-infrastructure  (V2I),  vehicle-to-everything
(V2X), or the like or a combination or sub-combination
thereof. For example, classification information generated
by a system 12 on-board one vehicle 10a may be passed to
one or more other vehicles 105 that are nearby. Accordingly,
classifications made on one vehicle 10a may be used (e.g.,
wholly adopted or taken into consideration) by systems 12
on-board one or more other vehicles 105.

In selected embodiments, classification information may
be passed 18 directly from one vehicle 10a to another
vehicle 105 (e.g., via a radio transmission). Alternatively,
classification information may be fed 20 by a system 12
on-board a vehicle 10a into a communication system 22
(e.g., a communication system 22 comprising stationary
telecommunication infrastructure). For example, a system
12 may feed 20 classification information into a cellular
telephone network by sending one or more signals to a
nearby cellular tower 24a. In selected embodiments, classi-
fication information fed 20 in by a system 12 may be routed
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4

through a communication system 22 and delivered 26 to
corresponding systems 12 of one or more other vehicles 105.
Alternatively, classification information fed 20 into a com-
munication system 22 by a system 12 may be delivered 28
to a computer system 30, processed by the computer system
30, fed 32 by the computer system 30 back into the com-
munications system 22, and delivered 26 to corresponding
systems 12 of one or more other vehicles 104.

For example, in selected embodiments, a communication
system 18 may include a cellular telephone network com-
prising a first cellular tower 24a located near a first vehicle
10a, a second cellular tower 245 located near a second
vehicle 105, and a network 34 connecting the first cellular
tower 24a to the second cellular tower 24b. A computer
system 30 may also connect to the network 34. Accordingly,
classification information fed 20 into the cellular telephone
network by a system 12 corresponding to the first vehicle
10a may be received by the computer system 30 so that it
can be recorded, processed, distributed to one or more other
vehicles 105, or the like or a combination or sub-combina-
tion thereof.

In selected embodiments, the classification performed by
a system 12 in accordance with the present invention may be
agnostic to any particular feature contained within the one or
more images captured by any image sensor 14 or sensor data
captured by one or more other sensors 16. That is, an
artificial neural network within a system 12 may not search
data corresponding to the various sensors 14, 16 for any
particular feature. Rather, an artificial neural network may
judge whether all the sensor data received thereby taken as
a whole is more indicative of one class or another.

This agnosticism of a system 12 in accordance with the
present invention may provide significant advantages. For
example, each image may be examined or analyzed “as is.”
That is, there may be no need for image pre-processing for
a system 12 to function properly. Furthermore, no additional
calibration may be needed. Moreover, an artificial neural
network may use one or more images in its classification
process without regard to whether an image sensor 14 that
captured the one or more images was fixed in an exact
location, pointed more toward the sky, pointed more toward
the road, pointed forward, pointed reward, or the like.

Referring to FIG. 2, a system 12 in accordance with the
present invention may be, include, or support classification
of meteorological precipitation using deep learning. A sys-
tem 12 may accomplish this in any suitable manner. For
example, a system 12 may be embodied as hardware,
software, or some combination thereof.

In selected embodiments, a system 12 may include com-
puter hardware and computer software. The computer hard-
ware of a system 12 may include one or more processors 36,
memory 38, one or more user interfaces 40, other hardware
42, or the like or a combination or sub-combination thereof.
In certain embodiments, all or some subset of this computer
hardware may be hardware already included as part of a
vehicle 10. That is, all or some portion of the computer
hardware may be multipurpose and perform tasks that are
already associated with the operation of the vehicle 10.

The memory 38 of a system 12 in accordance with the
present invention may be operably connected to the one or
more processors 36 and store the computer software. This
may enable the one or more processors 36 to execute the
computer software. Thus, a system 12 may augment the
functionality or features of a vehicle 10 by adding and/or
modifying software, adding additional hardware to the
vehicle 10, or a combination thereof.
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A user interface 40 of a system 12 may enable an
engineer, technician, driver, or the like to interact with, run,
customize, or control various aspects of a system 12. In
selected embodiments, a user interface 40 of a system 12
may include one or more keypads, keyboards, touch screens,
pointing devices, or the like or a combination or sub-
combination thereof. Alternatively, or in addition thereto, a
user interface 40 may comprise a port through which one or
more external computers may communicate with a system
12 or one or more components thereof.

In selected embodiments, the memory 38 of a system 12
may store (at least temporality) sensor data 44 (e.g., one or
more segments of signal output by one or more sensors 16
carried on-board a vehicle 10), video 46 (e.g., one or more
video files 46) collected or captured by one or more image
sensors 14 carried on-board a vehicle 10, one or more
images files 48 containing, defining, or corresponding to one
or more images captured by one or more image sensors 14
or extracted from video collected or captured by one or more
image sensors 14, or the like or a combination or sub-
combination thereof.

Additionally, the memory 38 may store one or more
software modules. For example, the memory 38 may store a
filter module 50, communication module 52, image-extrac-
tion module 54, neural network module 56, feedback mod-
ule 58, other data or software 60, or the like or a combination
or sub-combinations thereof. Alternatively, one or more of
the filter module 50, communication module 52, image-
extraction module 54, neural network module 56, and feed-
back module 58 may be embodied as hardware or comprise
hardware components. Thus, while FIG. 2 shows the filter
module 50, communication module 52, image-extraction
module 54, neural network module 56, and feedback module
58 as being software-only modules that are stored in
memory 38, in actuality, one or more of those modules 50,
53, 54, 56, 58 may comprise hardware, software, or a
combination thereof.

A filter module 50 may enable a system 12 to filter signal
output by one or more sensors 14, 16 as desired or necessary.
For example, the signal output by an accelerometer 16a
monitoring the vibration of a windshield may be noisy.
Accordingly, filter module 50 may filter that signal to
facilitate the extraction of useful data therefrom. In selected
embodiments, a filter module 50 may apply a low pass filter
the signal output by one or more accelerometers (e.g., one or
more accelerometers 16a mounted on and/or monitoring the
vibrations of a windshield) to locate and separate the varia-
tion in vibration caused by meteorological precipitation
impacting the corresponding vehicle 10.

A communication module 52 may enable data such as one
or more segments of sensor data 44, video files 46, image
files 48, software components (e.g., one or more modules 50,
52, 554, 56, 58 or updates thereto), classifications (e.g.,
classification information output by the artificial neural
network of a system 12), or the like or combinations of
sub-combinations thereof to be passed (e.g., passed 18, 20,
26 via radio waves) into or out of a system 12 in accordance
with the present invention. For example, a communication
module 52 forming part of a system 12 carried on-board one
vehicle 105 may enable that system 12 to receive classifi-
cation information generated by another vehicle 10a. Alter-
natively, or in addition thereto, a communication module 52
may enable a system 12 to receive an update to its neural
network module 56. Accordingly, improvements developed
off-board a vehicle 10 may be brought on-board as desired
or necessary.
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An image-extraction module 54 may extract one or more
images from video captured by one or more image sensors
14. For example, an image-extraction module 54 may
extract one or more images (e.g., several images captured
over a period of a few seconds or less) from a video file 46
that is stored in memory 38, video that is being output by an
image sensor 14, or the like. In selected embodiments, an
image-extraction module 54 may store one or more images
that are extracted thereby as images files 48 in memory 38.

A neural network module 56 may be, include, or support
an artificial neural network programmed to perform or apply
deep learning. The deep learning performed or applied by an
artificial neural network may use one or more algorithms to
model high-level abstractions in data corresponding to one
or more images, other sensor data, and/or combinations
thereof that are collected by the various sensors 14, 16 of a
system 12 in accordance with the present invention. In
selected embodiments, this may be accomplished by using
multiple processing layers comprising multiple non-linear
transformations.

For example, an artificial neural network corresponding to
a neural network module 56 may comprise feed-forward
computational graphs with input nodes, hidden layers and
output nodes. For classifications that involve images, pixel-
values of an input image forming part of the classification
may be assigned to input nodes, and then be fed through the
network, passing a number of non-linear transformations. At
the end of the computation, the output node may yield a
value that corresponds to the class inferred by the neural
network.

In order for an artificial neural network corresponding to
a neural network module 56 to be able to distinguish
between different classes of meteorological precipitation, it
needs to be trained based on examples. Accordingly, to
create an artificial neural network that is able to classify a
plurality of different types and/or levels of meteorological
precipitation, a large collection of example images and other
sensor data (e.g., hundreds to thousands for each type and/or
level) having known (e.g., labeled) precipitation conditions
must be used as training data. Thus, using backpropagation,
an artificial neural network may be trained.

Once trained, an artificial neural network corresponding
to a neural network module 56 may receive one or more
inputs (e.g., data output by or corresponding to one or more
sensors 14, 16) and classify those inputs as having a par-
ticular numeric affinity (e.g., percentage “score”) for each
class for which the artificial neural network was trained.
Accordingly, if an artificial neural network were trained on
twenty different classes of meteorological precipitation, then
for one or more inputs, the artificial neural network may
output twenty numeric scores. Hach such score may be
indicative of the affinity of the one or more inputs (or of the
physical reality reflected by the one or more inputs) to a
different class of meteorological precipitation.

In a decisive or clear classification, the one or more inputs
may show a strong affinity to one class of meteorological
precipitation and weak affinity to all other classes of meteo-
rological precipitation. In an indecisive or unclear classifi-
cation, the one or more inputs may show no preferential
affinity to any particular class of meteorological precipita-
tion. For example, there may be a “top” score for a particular
class, but that score may be close to other scores for other
classes.

Accordingly, in selected embodiments, a neural network
module 56 may apply one or more threshold comparisons or
tests to determine whether any particular classification is
sufficiently decisive or clear so as to be acted or relied upon
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(e.g., whether the classification is sufficiently decisive or
clear so as to alter some function of a vehicle 10 to better
prepare the vehicle 10 to address the effects of the predicted
or perceived meteorological precipitation). For example, a
neural network module 56 may test a classification to see if
the separation between a top score and all other scores meets
or satisfies a certain separation threshold.

In certain embodiments, an artificial neural network form-
ing, supported by, or included within a neural network
module 56 may operate on-board a vehicle 10 in a training
mode or an implementation mode. In training mode, the
artificial neutral network may train on multiple training
images or sensor data corresponding to known classes of
meteorological precipitation. In implementation mode, the
artificial neural network may analyze image data captured
by one or more image sensors 14 (e.g., a single image,
multiple images, or multiple consecutive images extracted
from video captured by a camera) and/or sensor data gen-
erated by or corresponding to one or more other sensors 16
in order to classify a corresponding environment surround-
ing a vehicle 10 as being in one precipitation condition or
another for some period of time (e.g., until a subsequent
image and/or sensor data is classified or over a period of
about 1 second, 3 seconds, 5, seconds, 10 seconds, or the
like).

Accordingly, an artificial neural network corresponding to
a neural network module 56 may be trained while operating
within or on the hardware of a system 12 carried on-board
as part of the standard or optional equipment of a production
vehicle 10. Alternatively, an artificial neural network corre-
sponding to a neural network module 56 may be trained
while operating within or on the hardware a non-production
system 12 (e.g., an off-board system 12 in a computer
laboratory, a non-production system 12 carried on-board a
test vehicle 10 specifically for the purposes of training, or
the like), then “cloned” or otherwise copied onto or imported
within a production system 12 forming part of a production
vehicle 10.

In certain embodiments, a neural network module 56 may
be, include, or support a single, general purpose artificial
neural network. That general purpose artificial neural net-
work may receive all the available or desired inputs (e.g., all
the data from both image sensors 14 and other non-image
sensors 16) and output all the affinity scores for all the
different classes of meteorological precipitation. However,
in other embodiments, a neural network module 56 may
comprise, include, or support multiple, job-specific artificial
neural networks or one or more artificial neural networks
that process fewer that all the available inputs. For example,
in certain embodiments, a first, image-specific artificial
neural network may classify image data corresponding to
one or more image sensors 14, while one or more other
processing systems or methods may be applied to acceler-
ometer data and/or data from one or more other sensors 16.
Thus, the work of analysis and classification performed by
a neural network module 56 may be divided up among one
or more multiple artificial neural networks, other processing
or analysis systems, or combinations thereof.

In selected embodiments, a feedback module 58 may be
included within a system 12 to support or enable on-board
training of an artificial neural network corresponding to a
neural network module 56. A feedback module 58 may
provide information to a neural network module 56 that
indicates which class or condition corresponds to which
sensor data. Thus, a feedback module 58 may enable a
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system 12 to generate training data on which to train (or
improve the training of) a corresponding artificial neural
network.

That is, in order to train an artificial neural network,
training data of a known class may be analyzed by the
artificial neural network. It may not be enough for a system
12 to have sensor data collected by one or more on-board
sensors 14, 16. The system 12 may also need to know which
of that sensor data corresponds to one class and which
corresponds to another. This additional information may be
collected and provided by a feedback module 58.

For example, a feedback module 58 may note when a
human driver turns on the windshield wipers, as this may
indicate a rain condition. Accordingly, sensor data collected
or captured at or near a time when the windshield wipers
were turned on by a driver may be “known” to correspond
to a rain condition. Similarly, a feedback module 58 may
note when a human driver activates a jet of windshield
washer fluid, as this may indicate a road spray condition.
Accordingly, sensor data collected or captured at or near a
time when the jet of windshield washer fluid was turned on
by a driver may be “known” to correspond to a road spray
condition.

In selected embodiments, multiple functions or facts may
be monitored by a feedback module 58 in order to gather
information indicative of a current condition. For example,
rather than just noting when a driver turns on the windshield
wipers, a feedback module 58 may note when the driver
turns on the windshield wipers without also activating the
jets of windshield washer fluid. The latter may be more
closely associated with rain in the environment surrounding
a vehicle 10 than the former.

Other data and/or software 60 corresponding to a system
12 may support the operation of that system 12 as desired or
necessary. In certain embodiments, other software 60 may
include a control module programmed to request, initiate, or
implement one or more actions or functions based on the
classifications determined by a neural network module 56.
For example, when a neural network module 56 determines
based on certain sensor data that it is raining at a particular
precipitation rate, a control module may request, initiate, or
implement changes such as activating certain wiper blades
or lights, changing (e.g., increasing or decreasing) a speed
on certain wiper blades, changing certain traction control
settings, or otherwise preparing a corresponding vehicle 10
to deal with issues associated with that particular rain
condition.

Referring to FIG. 3, an off-board system 12 in a computer
laboratory, a non-production system 12 carried on-board a
test vehicle 10 specifically for the purposes of training, or
the like may support, enable, or execute a training process 62
in accordance with the present invention. In selected
embodiments, such a process 62 may begin with receiving
64a, 645 image data (e.g., images or the like that are, match,
or model what would be collected by or correspond to one
or more image sensors 14) and other sensor data (e.g.,
accelerometer data, wheel-slippage or friction data, tem-
perature data, wind-speed data, vehicle-speed data, or the
like or a combination or sub-combination thereof that is,
matches, or models what would be collected by or corre-
spond to one or more other sensors 16) known to correspond
to a first precipitation condition. This may be repeated for
various other precipitation conditions of interest. Thus, the
process 62 may continue with receiving 66a, 665 image data
and other sensor data known to correspond to a second
precipitation condition, receiving 68a, 685 image data and
other sensor data known to correspond to a third precipita-



US 10,427,645 B2

9

tion condition, and so forth until image and sensor data
known to correspond to an “Nth” (i.e., final) precipitation
condition is received 70a, 705.

Each different precipitation condition may correspond to
or be a different class of meteorological precipitation. Thus,
a process 62 may comprise receiving image and other sensor
data corresponding to each class of meteorological precipi-
tation that is to be classified. An artificial neural network
(e.g., a single, general purpose artificial neural network or
one or more data-specific neural networks) may then train 72
on the received image and/or second data.

One or more trained artificial neural networks (e.g., one or
more artificial neural networks comprising a set of classifi-
cation algorithms that have proven effective in classifying
meteorological precipitation based on image and/or other
sensor data) may then be passed 74 to (e.g., stored on) an
on-board computer system 12 of a vehicle 10. The trained
artificial neural network or networks may then apply 76
classification algorithms corresponding thereto to image
and/or other sensor data collected or captured by one or
more image and/or other sensors 14, 16 carried on-board that
vehicle 10.

Referring to FIG. 4, in selected embodiments, an artificial
neural network in accordance with the present invention
may be trained to recognize (e.g., produce affinity scores for)
a certain, predetermined set 78 of classes 80 of meteoro-
logical precipitation. The number of classes 80 within such
a set 78 may vary between embodiments. In certain embodi-
ments, the number of classes 80 may be relatively few. For
example, a set 78 of classes 80 may consist of as few as two
classes 80 (e.g., a first class 80 corresponding to no precipi-
tation or insufficient precipitation or precipitation effects to
merit turning on the windshield wipers and a second class 80
corresponding to sufficient precipitation or precipitation
effects to merit turning on the windshield wipers).

In other embodiments, the number of classes 80 in a set
78 may be significantly more. For example, a first class 80a
of meteorological precipitation within a particular set 78
may correspond to no detectable precipitation or precipita-
tion effects of any kind. Other classes 80 of meteorological
precipitation within that set 78 may then correspond to
various pairings of precipitation type and precipitation rate.
These pairings may thus define specific precipitation con-
ditions.

For example, a first precipitation type may be rain.
Accordingly, a second class 805 within the set 78 may
correspond to rain falling in the range of between about 0
inches per hour up to about 0.5 inches per hour. A third class
80¢ within the set 78 may correspond to rain falling in the
range of between about 0.5 inches per hour up to about 2
inches per hour. A fourth class 804 within the set 78 may
correspond to rain falling at about 2 inches per hour or
greater. In this manner, various pairings of precipitation type
and precipitation rate (e.g., ranges of precipitation rates)
may define various classes 80 of meteorological precipita-
tion. The dividing lines between the various precipitation
rates may vary between different types of precipitation and
different embodiments. Thus, the specific rate ranges pro-
vided above are presented by way of example and not by
way of limitation.

The types of precipitation or precipitation effects for
which classes 80 may be defined include rain, sleet, hail,
snow, road spray, or the like or any combination or sub-
combination thereof. As noted above, these types of pre-
cipitation or precipitation effects may be paired with certain
rate ranges to define specific precipitation conditions. How-
ever, in certain embodiments, rate of accumulation may be
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less important than other characteristics. Accordingly, in
such embodiments, classes 80 may be defined based on
those other characteristics, rather than by rate of accumula-
tion.

For example, in selected embodiments, an “Nth” precipi-
tation type may be hail. For hail, the momentum of the hail
may be more important that the rate of accumulation.
Accordingly, different classes 80e, 80f for hail may be
defined in terms of momentum. Thus, hail impacting a
vehicle 10 with less than a certain momentum (e.g., momen-
tum insufficient to dent or otherwise damage the vehicle 10)
may be considered one class 80e, while hail impacting the
vehicle 10 with more than that certain momentum (e.g.,
momentum sufficient to dent or otherwise damage the
vehicle 10) may be considered another class 80f. Such an
organization of classes 80e, 80f may enable a system 12 to
take actions, provide warnings (e.g., to the driver of the
subject vehicle 10a or to drivers of nearby vehicles 105), or
the like that are capable of reducing the damage incurred or
the harm experienced.

Referring to FIG. 5, in selected embodiments, applying 76
the classification algorithms of an artificial neural network to
image or other sensor data may begin with obtaining 82 one
or more unclassified images and obtaining 84 other unclas-
sified sensor data that pertain to (e.g., were all collected at
or near) the same period of time. The one or more unclas-
sified images and other unclassified sensor data so obtained
may collected be considered “the input data.” Accordingly,
the input data may be fed to an artificial neural network that
generates 86 affinity scores (e.g., percentages of confidence)
for each class 80 of a corresponding set 78.

For example, if an artificial neural network were trained
to differentiate between two classes 80 (e.g., a precipitation
condition and a no precipitation condition), then the artificial
neural network may generate 86 two affinity scores. Spe-
cifically, the artificial neural network may output a first
percentage indicative of the confidence that the input data
corresponds to a first class 80 and a second percentage
indicative of the confidence that the input data corresponds
to a second class 80.

Thereafter, a determination may be made 88 as to whether
one or more applicable thresholds have been met. That is,
depending on the magnitude of the various affinity scores
(e.g., whether the percentage for one class 80 is above a
particular threshold, the percentages for all other classes 80
are below a particular threshold, or both), the difference
between the various affinity scores (e.g., whether the differ-
ence or separation between the percentage for one class 80
and the percentages for all other classes 80 is above a
particular threshold), or the like or a combination thereof,
the corresponding input data may be classified as one class
or condition or the other.

For example, in a simplest case, a threshold may set at
“50%.” Accordingly, in a two class situation (e.g., precipi-
tation or no precipitation), if one class 80 tallies higher than
the other, the threshold may be met. Alternatively, a thresh-
old may be set at something higher than 50% (e.g., some-
where in the range of about 55% to about 85%). In such
embodiments or situations, an overall determination 88 as to
whether a surrounding environment is indicative of one class
80 may not be settled by which class 80 or condition has the
highest affinity score. Rather, like a higher burden of proof
in a legal proceeding, the threshold may ensure that a
classification does not just favor, but clearly or strongly
favors one class 80 over all others. Accordingly, one or more
thresholds may be set to lower the number of false positives
with respect to one or more classes 80.
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If a determination 88 indicates that a first class 80a or “no
precipitation or precipitation effects” condition is not pres-
ent, a neural network module 56 or artificial neural network
thereof may declare 90 that a no precipitation or precipita-
tion effects condition (e.g., a no rain condition) is present
and a system 12 may take 92 one or more actions consistent
with that condition.

Such action may include leaving a vehicle 10 how it is,
deactivating certain wiper blades or lights, changing certain
traction control settings, or otherwise returning a corre-
sponding vehicle 10 back to a “normal” operating condition
corresponding to no precipitation or precipitation effects. A
system 12 may also enter a holding pattern and wait some
period time (e.g., 10 seconds, 30 seconds, 1 minute, 5
minutes, 10 minutes, or the like) before obtaining 82, 84 new
input data and starting the classification process again.

Conversely, if a determination 88 indicates that some
other class 80 or precipitation condition within a particular
set 78 (e.g., rain falling at between about 0.5 and about 2
inches per hour) is present, a neural network module 56 or
an artificial neural network thereof may declare 94 that the
particular precipitation condition is present and a system 12
may take 96 one or more actions consistent with that
condition.

Such action may include leaving a vehicle 10a how it is,
activating certain wiper blades or lights, changing the speed
of certain wiper blades, changing certain traction control
settings, issuing one or more warnings to a driver, commu-
nicating the particular precipitation condition to a commu-
nication system 22 or some other vehicle 105, or otherwise
preparing a corresponding vehicle 10 to adapt to an oper-
ating condition corresponding to the particular precipitation
condition. A system 12 may also enter a holding pattern and
wait some period time (e.g., 10 seconds, 30 seconds, 1
minute, 5 minutes, 10 minutes, or the like) before obtaining
82, 84 new input data and starting the classification process
again. In certain embodiments, such action may include
opening a specially designed umbrella or rain wear com-
partment when it is determined that a user opens a door of
a vehicle 10 and intends to get out of the vehicle 10 when
it is raining or the like.

A system 12 in accordance with the present invention
may, while a corresponding vehicle 10 is running, continu-
ously or periodically process data from one or more sensors
14, 16 to determine a current precipitation condition. Alter-
natively, a system 12 may process data from one or more
sensors 14, 16 to determine a current precipitation condition
only when certain pre-conditions are met. For example, a
system 12 may process such data only when weather fore-
cast information for the corresponding geographical location
indicates the possibility for certain kinds of meteorological
precipitation.

In selected embodiments, after one or more actions are
taken 92, 96 by a system 12, a process 76 may end or cycle
back and begin again. Alternatively, a process 76 may
continue in order to utilize human feedback to improve a
system 12. For example, in certain embodiments, a system
12 may at some point within a process 76 in accordance with
the present invention receive 98 feedback from a human
(e.g., a human driver). This feedback may indicate which
class 80 or condition corresponds to which input data.
Accordingly, the feedback and the corresponding input data
may become training data used to update 100 and/or retrain
an artificial neural network. Alternatively, or in addition
thereto, such feedback may be used to adjust or fine tune one
or more thresholds used in the process 76.
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Referring to FIG. 6, in selected processes in accordance
with the present invention, image data may be processed
using an artificial neural network, while other sensor data
may be processing using other signal processing techniques.
For example, in the illustrated process 102, one or more
images (e.g., one or more images captured by a forward
facing camera 14a, rearward facing camera 145, in-cabin
camera 14¢) may be obtained 82 and processed by an
artificial neural network, while accelerometer data (e.g.,
accelerometer data characterizing vibration of a windshield)
may be obtained 84 and processed by filtering, using coun-
ters and phase-locked loops, or the like or combinations
thereof.

In certain embodiments, once obtained 82, one or more
images may be analyzed using sophisticated computer
vision techniques involving recurrent neural networks to
model and predict a level of driver visibility. For example,
based on one or more images obtained 82 from an in-cabin
camber 14¢, a system 12 may predict if a driver would want
to turn on the windshield wipers.

In selected embodiments, a system 12 may obtain 82 and
use a sequence of images to predict rain. This may involve
applying adaptable threshold techniques that operate suc-
cessfully with just a couple of images. Accordingly, the
images obtained 82 may be taken with different camera
parameters (e.g., depth of field, exposure settings, etc.) and
be fed to an artificial neural network, which may generate
104 an affinity score corresponding to each class of a
plurality of classes. Sometime thereafter, one or more
thresholds may be compared to the affinity scores to deter-
mine 106 an appropriate precipitation condition 80 (e.g.,
determine 106 whether it is appropriate to declare a particu-
lar precipitation condition 80).

In certain embodiments, one or more accelerometers may
be mounted on the windshield of vehicle. Accordingly, the
vibration created by rain drops, hail, or other precipitation or
precipitation effects impacting the windshield may create
distinctive signals on the accelerometer. The signal output
by the one or more accelerometers may be filtered 108 (e.g.,
via a low pass filter) to locate and separate the variation
caused by the precipitation or precipitation effects. Analysis
110 (e.g., using counters and phase-locked loops) of this
signal may provide an estimate of the precipitation rate.
Accordingly, a system 12 may make or determine 112 a
precipitation prediction (e.g., an indication whether precipi-
tation or a precipitation effect is present) and/or an optimal
wiper speed. Sometime thereafter, one or more thresholds
may be compared to one or more of these outputs to
determine 114 an appropriate precipitation condition 80
(e.g., determine 106 whether it is appropriate to declare a
particular precipitation condition 80).

In selected embodiments, if the determination 106 corre-
sponding to the one or more images and the determination
114 corresponding to the accelerometer data both indicate a
particular precipitation condition 80, a system 12 may take
action 116 consistent with that condition 80. For example, a
system 12 may instruct 116 one or more wipers to operate at
one or more determined wiper speeds. Conversely, if one or
both of the determinations 106, 114 fail to conclusively
identify a particular precipitation condition 80, then no
action (e.g., change) may be taken or implemented until
other images and/or accelerometer data conclusively indi-
cates a particular precipitation condition 80. This may assist
in eliminating false positives that would be more annoying
or distracting to a driver than a system 12 doing nothing
(e.g., making no changes to the functions of the vehicle 10).
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Referring to FIG. 7, in selected processes in accordance
with the present invention, image data may be processed
using an artificial neural network, while multiple types of
other sensor data may be processing using other signal
processing techniques. For example, in the illustrated pro-
cess 118, one or more images may be obtained 82 and
processed by an artificial neural network, while accelerom-
eter data may be obtained 84a and processed by filtering
108, using 110 counters and phase-locked loops, or the like
or combinations thereof and friction data (e.g., data charac-
terizing wheel slippage, the frictional grip or engagement
between one or more tires of a vehicle 10 and a correspond-
ing driving surface, or the like or a combination thereof)
may be obtained 845 and processed 120 in some desired
manner.

At some point, one or more thresholds may be compared
to the friction data to determine 114 an appropriate precipi-
tation condition 80 (e.g., determine 106 whether it is appro-
priate to declare a particular precipitation condition 80).
Accordingly, if the determination 106 corresponding to the
one or more images, the determination 114 corresponding to
the accelerometer data, and the determination 122 corre-
sponding to the friction data all indicate a particular pre-
cipitation condition 80, a system 12 may take action 116
consistent with that condition 80 (e.g., instruct 116 one or
more wipers to operate at one or more determined wiper
speeds). Conversely, if any of the determinations 106, 114,
122 fails to conclusively identify a particular precipitation
condition 80, then no action (e.g., change) may be taken or
implemented until other images, accelerometer data, and
friction data conclusively indicate a particular precipitation
condition 80. Again, this may assist in eliminating false
positives.

In processes 62, 76, 102, 118 in accordance with the
present invention, the weight given to image data or clas-
sifications of image data may not be equal to the weight
given to other sensor data or determinations based on other
sensor data. Similarly, the weight given to one type of other
sensor data (e.g., accelerometer data) or determinations
based on one type of other sensor data may not be equal to
the weight given to another type of other sensor data (e.g.,
friction data) or determinations based on another type of
other sensor data. Rather, different weights may be applied
in order to preferentially consider data, classifications, deter-
minations, or the like that have proven to be more useful in
particular situations.

For example, image data (e.g., image data collected by a
camera) may be more useful in detecting the presence of
snow (e.g., falling snow or snow already on the ground) than
accelerometer data. Accordingly, in selected embodiments
or situations, when a thermometer reads a temperature that
is compatible with snow, image data or the classifications
based on image data may be weighted more heavily than
accelerometer data or the determinations based on acceler-
ometer data. In selected embodiments, such differential
weightings may be “baked in” with the training of an
artificial neural network (e.g., a single, general purpose
artificial neural network). In other embodiments, such dif-
ferential weightings may be manual programmed in based
on experience or expectations.

The flowcharts in FIGS. 3 and 5-7 illustrate the architec-
ture, functionality, and operation of possible implementa-
tions of systems, methods, and computer-program products
according to various embodiments in accordance with the
present invention. In this regard, each block in the flow-
charts may represent a module, segment, or portion of code,
which comprises one or more executable instructions for
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implementing the specified logical function(s). It will also
be noted that each block of the flowchart illustrations, and
combinations of blocks in the flowchart illustrations, may be
implemented by special purpose hardware-based systems
that perform the specified functions or acts, or combinations
of special purpose hardware and computer instructions.

It should also be noted that, in some alternative imple-
mentations, the functions noted in the blocks may occur out
of the order noted in the Figures. In certain embodiments,
two blocks shown in succession may, in fact, be executed
substantially concurrently, or the blocks may sometimes be
executed in the reverse order, depending upon the function-
ality involved. Alternatively, certain steps or functions may
be omitted if not needed.

In the above disclosure, reference has been made to the
accompanying drawings, which form a part hereof, and in
which is shown by way of illustration specific implementa-
tions in which the disclosure may be practiced. It is under-
stood that other implementations may be utilized and struc-
tural changes may be made without departing from the scope
of the present disclosure. References in the specification to
“one embodiment,” “an embodiment,” “an example embodi-
ment,” “selected embodiments,” “certain embodiments,”
etc., indicate that the embodiment or embodiments described
may include a particular feature, structure, or characteristic,
but every embodiment may not necessarily include the
particular feature, structure, or characteristic. Moreover,
such phrases are not necessarily referring to the same
embodiment. Further, when a particular feature, structure, or
characteristic is described in connection with an embodi-
ment, it is submitted that it is within the knowledge of one
skilled in the art to affect such feature, structure, or charac-
teristic in connection with other embodiments whether or
not explicitly described.

Implementations of the systems, devices, and methods
disclosed herein may comprise or utilize a special purpose or
general-purpose computer including computer hardware,
such as, for example, one or more processors and system
memory, as discussed herein. Implementations within the
scope of the present disclosure may also include physical
and other computer-readable media for carrying or storing
computer-executable instructions and/or data structures.
Such computer-readable media can be any available media
that can be accessed by a general purpose or special purpose
computer system. Computer-readable media that store com-
puter-executable instructions are computer storage media
(devices). Computer-readable media that carry computer-
executable instructions are transmission media. Thus, by
way of example, and not limitation, implementations of the
disclosure can comprise at least two distinctly different
kinds of computer-readable media: computer storage media
(devices) and transmission media.

Computer storage media (devices) includes RAM, ROM,
EEPROM, CD-ROM, solid state drives (“SSDs”) (e.g.,
based on RAM), Flash memory, phase-change memory
(“PCM?”), other types of memory, other optical disk storage,
magnetic disk storage or other magnetic storage devices, or
any other medium which can be used to store desired
program code means in the form of computer-executable
instructions or data structures and which can be accessed by
a general purpose or special purpose computer.

An implementation of the devices, systems, and methods
disclosed herein may communicate over a computer net-
work. A “network” is defined as one or more data links that
enable the transport of electronic data between computer
systems and/or modules and/or other electronic devices.
When information is transferred or provided over a network
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or another communications connection (either hardwired,
wireless, or a combination of hardwired or wireless) to a
computer, the computer properly views the connection as a
transmission medium. Transmissions media can include a
network and/or data links, which can be used to carry
desired program code means in the form of computer-
executable instructions or data structures and which can be
accessed by a general purpose or special purpose computer.
Combinations of the above should also be included within
the scope of computer-readable media.

Computer-executable instructions comprise, for example,
instructions and data which, when executed at a processor,
cause a general purpose computer, special purpose com-
puter, or special purpose processing device to perform a
certain function or group of functions. The computer execut-
able instructions may be, for example, binaries, intermediate
format instructions such as assembly language, or even
source code. Although the subject matter has been described
in language specific to structural features and/or method-
ological acts, it is to be understood that the subject matter
defined in the appended claims is not necessarily limited to
the described features or acts described above. Rather, the
described features and acts are disclosed as example forms
of implementing the claims.

Those skilled in the art will appreciate that the disclosure
may be practiced in network computing environments with
many types of computer system configurations, including,
an in-dash vehicle computer, personal computers, desktop
computers, laptop computers, message processors, hand-
held devices, multi-processor systems, microprocessor-
based or programmable consumer electronics, network PCs,
minicomputers, mainframe computers, mobile telephones,
PDAs, tablets, pagers, routers, switches, various storage
devices, and the like. The disclosure may also be practiced
in distributed system environments where local and remote
computer systems, which are linked (either by hardwired
data links, wireless data links, or by a combination of
hardwired and wireless data links) through a network, both
perform tasks. In a distributed system environment, program
modules may be located in both local and remote memory
storage devices.

Further, where appropriate, functions described herein
can be performed in one or more of: hardware, software,
firmware, digital components, or analog components. For
example, one or more application specific integrated circuits
(ASICs) can be programmed to carry out one or more of the
systems and procedures described herein. Certain terms are
used throughout the description and claims to refer to
particular system components. As one skilled in the art will
appreciate, components may be referred to by different
names. This document does not intend to distinguish
between components that differ in name, but not function.

It should be noted that the sensor embodiments discussed
above may comprise computer hardware, software, firm-
ware, or any combination thereof to perform at least a
portion of their functions. For example, a sensor may
include computer code configured to be executed in one or
more processors, and may include hardware logic/electrical
circuitry controlled by the computer code. These example
devices are provided herein purposes of illustration, and are
not intended to be limiting. Embodiments of the present
disclosure may be implemented in further types of devices,
as would be known to persons skilled in the relevant art(s).

At least some embodiments of the disclosure have been
directed to computer program products comprising such
logic (e.g., in the form of software) stored on any computer
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useable medium. Such software, when executed in one or
more data processing devices, causes a device to operate as
described herein.

While various embodiments of the present disclosure
have been described above, it should be understood that they
have been presented by way of example only, and not
limitation. It will be apparent to persons skilled in the
relevant art that various changes in form and detail can be
made therein without departing from the spirit and scope of
the disclosure. Thus, the breadth and scope of the present
disclosure should not be limited by any of the above-
described exemplary embodiments, but should be defined
only in accordance with the following claims and their
equivalents. The foregoing description has been presented
for the purposes of illustration and description. It is not
intended to be exhaustive or to limit the disclosure to the
precise form disclosed. Many modifications and variations
are possible in light of the above teaching. Further, it should
be noted that any or all of the aforementioned alternate
implementations may be used in any combination desired to
form additional hybrid implementations of the disclosure.

The present invention may be embodied in other specific
forms without departing from its spirit or essential charac-
teristics. The described embodiments are to be considered in
all respects only as illustrative, and not restrictive. The scope
of the invention is, therefore, indicated by the appended
claims, rather than by the foregoing description. All changes
which come within the meaning and range of equivalency of
the claims are to be embraced within their scope.

What is claimed is:

1. A vehicle comprising:

a camera outputting image data;

a windshield;

an accelerometer outputting accelerometer data charac-

terizing vibration of the windshield;

an artificial neural network trained to classify meteoro-

logical precipitation in an environment of the vehicle
using the image data and the accelerometer data as
inputs; and

at least one actuator controlling at least one function of'the

vehicle based on classifications made by the artificial
neural network;
wherein the artificial neural network includes a plurality
of classifiers, each classifier of the plurality of classi-
fiers being trained to detect a type of precipitation
corresponding to the each classifier, each classifier
being configured to take as inputs the accelerometer
data and the image data and configured to output a
decision indicating whether the type of precipitation
corresponding to the each classifier is present; and

wherein each classifier is further configured to apply
weights of the each classifier to the accelerometer data
and the image data such that the weights of one
classifier of the plurality of classifier are different from
the weights of another classifier of the plurality of
classifiers.

2. The vehicle of claim 1, wherein the camera is secured
to the vehicle and oriented so as to be forward facing.

3. The vehicle of claim 1, wherein the camera is secured
to the vehicle and oriented so as to be rearward facing.

4. The vehicle of claim 1, wherein the image data com-
prises multiple consecutive images captured by the camera
over a period of less than ten seconds.

5. The vehicle of claim 4, further comprising at least one
windshield wiper and wherein the at least one function
comprises a speed of the at least one windshield wiper.
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6. The vehicle of claim 5, further comprising a drivetrain
having one or more tires.
7. The vehicle of claim 6, further comprising a drivetrain
sensor outputting friction data characterizing frictional
engagement of the one or more tires with a driving surface.
8. The vehicle of claim 7, wherein the artificial neural
network is trained to classify meteorological precipitation
based at least in part on each of the image data, the
accelerometer data, and the friction data.
9. The vehicle of claim 4, further comprising a traction
control system and wherein the at least one function com-
prises a setting of the traction control system.
10. The vehicle of claim 1, further comprising a commu-
nication system communicating one or more classifications
of the artificial neural network to hardware off-board the
vehicle.
11. The vehicle of claim 1, wherein the artificial neural
network is trained to classify at least three classes of
meteorological precipitation, the at least three classes com-
prising no rain, rain below a first precipitation rate, and rain
above a second precipitation rate that is equal to or greater
than the first precipitation rate.
12. A method comprising:
receiving, by a computer system carried on-board a
vehicle, image data captured by a camera oriented so as
to be forward or rearward facing with respect to the
vehicle, wherein the image data comprises at least one
image captured by the camera within a period of time;

receiving, by the computer system, accelerometer data
output by an accelerometer secured to a windshield of
the vehicle, wherein the accelerometer data character-
izes vibration of the windshield during the period of
time;

receiving, by an artificial neural network run on the

computer system, the image data and the accelerometer
data as inputs;
generating, by the artificial neural network, classification
scores based on the inputs with respect to at least three
classes of meteorological precipitation, the at least
three classes comprising rain, hail, and snow; and

controlling, by the computer system, at least one function
of the vehicle based on the classification scores gener-
ated by the artificial neural network;

wherein generating the classification scores based on the

inputs comprises:
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inputting the image data and accelerometer data to a
plurality of classifiers, each classifier of the plurality
of classifiers being trained to detect a class of the at
least three classes of meteorological precipitation
corresponding to the each classifier;

weighting, by each classifier of the plurality of classi-
fiers, the image data and accelerometer data accord-
ing to weights of the each classifier such that the
weights of one classifier of the plurality of classifiers
are different from the weights of another classifier of
the plurality of classifiers;

generating, by each classifier of the plurality of clas-
sifiers, a classification score of the classifications
scores according to the weights of the each classifier,
the image data, and the accelerometer data.

13. The method of claim 12, wherein:

the image date comprises multiple consecutive images

captured by the camera over the period of time; and

the period of time is less 10 seconds.

14. The method of claim 13, wherein the vehicle com-
prises at least one windshield wiper and wherein the at least
one function comprises a speed of the at least one windshield
wiper.

15. The method of claim 12, wherein the vehicle com-
prises a drivetrain having one or more tires.

16. The method of claim 15, wherein the vehicle further
comprises a drivetrain sensor outputting friction data char-
acterizing frictional engagement of the one or more tires
with a driving surface.

17. The method of claim 16, further comprising receiving,
by the artificial neural network, the image data, the accel-
erometer data, and the friction data as the inputs.

18. The method of claim 17, wherein the vehicle further
comprises a traction control system and wherein the at least
one function comprises a setting of the traction control
system.

19. The method of claim 12, wherein the vehicle further
comprises a communication system communicating one or
more classifications made by the artificial neural network to
hardware off-board the vehicle.

20. The method of claim 19, wherein the hardware
off-board the vehicle forms part of stationary telecommuni-
cations infrastructure or another vehicle.
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