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SYSTEM AND METHOD FOR ESTIMATING TRAVEL TIME AND DISTANCE

FIELD OF THE INVENTION

[1] This disclosure generally relates to methods and devices for estimating travel

time and distance.

BACKGROUND

[2] Travel time is one of the important measures of transportation for efficient
navigation and better trip planning. Accurate estimation of travel time is a crucial

component in building intelligent transportation systems.

SUMMARY

[3] Various embodiments of the present disclosure can include systems,
methods, and non-transitory computer readable media configured to estimate travel
time and distance. A computing system for estimating travel time and distance may
comprise one or more processors and a memory storing instructions. The
instructions, when executed by the one or more processors, may cause the
computing system to obtain a vehicle trip dataset comprising an origin, a destination,
a time-of-day, a trip time, and a trip distance associated with each of a plurality of
trips, and to train a neural network model with the vehicle trip dataset to obtain a
trained model. The neural network model may comprise a first module and a second
module each corresponding to at least a part of the instructions. The first module
may comprise a first number of neuron layers. The first module may be configured to
obtain the origin and the destination as first inputs to estimate a travel distance. The
second module may comprise a second number of neuron layers. The second
module may be configured to obtain the information of a last layer of the first module

and the time-of-day as second inputs to estimate a travel time.

[4] In some embodiments, the memory may store instructions that when
executed by the one or more processors, may cause the computing system to
receive a query comprising a query origin, a query destination, and a query time-of-
day, and apply the trained model to the received query to estimate the travel time
and the travel distance from the query origin to the query destination for the query

time-of-day.
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[5] In some embodiments, the origin and the destination may each comprise
binned GPS (Global Positioning System) coordinates, and the trip time may

comprise binned trip time.

[6] In some embodiments, to train the neural network model with the vehicle trip
dataset, the computing system may be caused to feed the origin and the destination
to the first module to obtain the first number and a number of neurons in each of the
first number of neuron layers, and compare the estimated travel distance with the trip
distance to tune the first number and the number of neurons in each of the first

number of neuron layers.

[7] In some embodiments, to train the neural network model with the vehicle trip
dataset, the computing system may be further caused to feed the information of the
last layer of the first module and the time-of-day to the second module to obtain the
second number and a number neurons in each of the second number of neuron
layers, and compare the estimated travel time with the trip time to tune the second

number and a number neurons in each of the second number of neuron layers.

[8] In some embodiments, the first module may be a neural network comprising
three neuron layers, and the second module may be another neural network

comprising three neuron layers.

[9] In some embodiments, the first module may comprise a first neuron layer
comprising 20 neurons, a second neuron layer comprising 100 neurons, and a third

neuron layer comprising 20 neurons.

[10] In some embodiments, the second module may comprise a first neuron layer
comprising 64 neurons, a second neuron layer comprising 120 neurons, and a third

neuron layer comprising 20 neurons.

[11] According to another aspect, the present disclosure provides a method for
estimating travel time and distance. The method may include obtaining a vehicle trip
dataset comprising an origin, a destination, a time-of-day, a trip time, and a trip
distance associated with each of a plurality of trips, and training a neural network
model with the vehicle trip dataset to obtain a trained model. The neural network

model may comprise a first module and a second module. The first module
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comprises a first number of neuron layers, and is configured to obtain the origin and
the destination as first inputs to estimate a travel distance. The second module
comprises a second number of neuron layers, and is configured to obtain the
information of a last layer of the first module and the time-of-day as second inputs to

estimate a travel time.

[12] According to a further aspect, the present disclosure provides a non-
transitory computer-readable medium for estimating travel time and distance. The
non-transitory computer-readable medium stores instructions therein and the
instructions, when executed by one or more processors, cause the one or more
processors to perform the steps of obtaining a vehicle trip dataset comprising an
origin, a destination, a time-of-day, a trip time, and a trip distance associated with
each of a plurality of trips, and training a neural network model with the vehicle trip
dataset to obtain a trained model. The neural network model may comprise a first
module and a second module. The first module comprises a first number of neuron
layers, and is configured to obtain the origin and the destination as first inputs to
estimate a travel distance. The second module comprises a second number of
neuron layers, and is configured to obtain the information of a last layer of the first

module and the time-of-day as second inputs to estimate a travel time.

[13] According to another aspect, the present disclosure provides a method for
estimating a travel time. The method includes inputting information on an origin and
a destination to a first trained neural network module to obtain a travel distance, and
inputting time information and information of a last layer of the first trained neural

network module to a second trained neural network module to obtain a travel time.

[14] These and other features of the systems, methods, and non-transitory
computer readable media disclosed herein, as well as the methods of operation and
functions of the related elements of structure and the combination of parts and
economies of manufacture, will become more apparent upon consideration of the
following description and the appended claims with reference to the accompanying
drawings, all of which form a part of this specification, wherein like reference
numerals designate corresponding parts in the various figures. It is to be expressly
understood, however, that the drawings are for purposes of illustration and

description only and are not intended as a definition of the limits of the invention.
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BRIEF DESCRIPTION OF THE DRAWINGS

[15] Certain features of various embodiments of the present technology are set
forth with particularity in the appended claims. A better understanding of the features
and advantages of the technology will be obtained by reference to the following
detailed description that sets forth illustrative embodiments, in which the principles of

the invention are utilized, and the accompanying drawings of which:

[16] FIGURE 1 illustrates an example environment for estimating travel time and

distance, in accordance with various embodiments.

[17] FIGURE 2 illustrates an example system for estimating travel time and

distance, in accordance with various embodiments.

[18] FIGURE 3A illustrates an example method for pre-processing origin and

destination, in accordance with various embodiments.

[19] FIGURE 3B illustrates an example neural network framework for estimating

travel time and distance, in accordance with various embodiments.

[20] FIGURE 3C illustrates an example neural network model for estimating

travel time and distance, in accordance with various embodiments.

[21] FIGURE 4A illustrates a flowchart of an example method for estimating

travel time and distance, in accordance with various embodiments.

[22] FIGURE 4B illustrates a flowchart of an example method for estimating

travel time, in accordance with various embodiments.

[23] FIGURE 5 illustrates a block diagram of an example computer system in

which any of the embodiments described herein may be implemented.
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DETAILED DESCRIPTION

[24] Estimating the travel time and distance for a transportation trip between
Origin(o) and Destination(d) starting at a particular time(t) time-of-day can be
challenging. Traditional machine learning methods for predicting time-varying origin-
destination travel time and distance require feature engineering — manually creating
the features necessary for carrying out the supervised learning. The performance of
such methods critically depends on the quality of the features. An example traditional
method for estimating travel time and distance is constructing a look-up table
containing average travel time and distance information for all possible queries.
However, this solution has several drawbacks. First, since the GPS coordinates are
continuous variables, thus forming such a big look-up table requires a huge amount
of memory to store. Second, most of the vehicle service applications that provide the
travel time estimation to users aim to work in real time, that is updating the users
about remaining travel time. So, frequently querying from such a big table will be
time consuming. Finally, given the very sparse historical trip data, it is not possible to

have a complete Cartesian product of origin x destination x time-of-day .

[25] The disclosed systems and methods can overcome the problem set forth
above in the realm of predicting time-varying origin-destination travel time and
distance. In an example method, the trip pi used for model training can comprise a 5-
tuple (0, di, ti, Di, Ti), starting from the location oi at time ti heading to the destination
di, where Di is the travel distance and Ti is the travel time from origin to destination.
Both the origin and destination can be represented by GPS (Global Positioning
System) coordinates (e.g., oi = (Lati, Loni)) or an alternative representation.
Including the time-of-day ti as a part of trip can account for different traffic conditions
at different time. For example, one can encounter heavy traffic at peak hours than
off-peak hours. In some embodiments, it may be assumed that the intermediate
location or travel trajectory is unknown, and only the end locations are available.
Further, the disclosed systems and methods may receive a query qi as a pair (origin,
destination, time-of-day)i input and obtain a corresponding pair (time, distance)i as
output. That is, given a historical database of N trips X = {pi}V,, the disclosed

systems and methods can estimate the travel distance and time (Dq, Tq) for a query

g = (0g, dg, tq).
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[26] Various embodiments of the present disclosure include systems, methods,
and non-transitory computer readable media configured to estimate travel time and
distance. In some embodiments, a computing system for estimating travel time and
distance may comprise one or more processors and a memory storing instructions.
The instructions, when executed by the one or more processors, may cause the
computing system to obtain a vehicle trip dataset comprising an origin, a destination,
a time-of-day, a trip time, and a trip distance associated with each of a plurality of
trips, and to train a neural network model with the vehicle trip dataset to obtain a
trained model. The neural network model may comprise a first module and a second
module each corresponding to at least a part of the instructions. The first module
may comprise a first number of neuron layers. The first module may be configured to
obtain the origin and the destination as first inputs to estimate a travel distance. The
second module may comprise a second number of neuron layers. The second
module may be configured to obtain the information of a last layer of the first module

and the time-of-day as second inputs to estimate a travel time.

[27] In some embodiments, the computing system may comprise one or more
servers implementing a vehicle information platform. The platform may be configured
to receive transportation requests (e.g., from mobile devices of platform users), relay
the requests to various vehicles (e.g., to mobile devices of vehicle drivers), and
forward the information of vehicles accepting the requests to the users, based on
which the users and the vehicles can meet up and carry out the transportation. At
any time, a user can send a query to the computing system, causing the computing
system to predict the travel time and distance, for example, before being transported

or while being transported in a vehicle.

[28] In some embodiments, based on a vehicle (e.g., taxi, platform-hailing
vehicle) trip dataset collected through the global positioning system (GPS), the
disclosed system can train a model to predict the travel time and distance together.
The model as described in more details below may be referred to as a unified neural
network (UnifiedNN). The model may first predict the travel distance between the
origin and destination and then use this information along with time-of-day to predict
the travel time. The UnifiedNN may only use the raw GPS coordinates of the origin

and destination and time-of-day as input features to estimate the travel time and
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distance together. Compared with other travel time estimation methods, the
UnifiedNN have greater generalization capabilities, can significantly reduce the mean
absolute error (MAE) of both predicted travel time and distance, and is more robust
to outliers in the dataset. Accordingly, the disclosed systems and methods can more

accurately predict the travel time and distance.

[29] FIG. 1 illustrates an example environment 100 for estimating travel time and
distance, in accordance with various embodiments. As shown in FIG. 1, the example
environment 100 can comprise at least one computing system 102 that includes one
or more processors 104 and memory 106. The memory 106 may be non-transitory
and computer-readable. The memory 106 may store instructions that, when
executed by the one or more processors 104, cause the one or more processors 104
to perform various operations described herein. The system 102 may be
implemented on or as various devices such as mobile phone, tablet, server,
computer, wearable device (smart watch), etc. The system 102 above may be
installed with appropriate software (e.g., platform program, etc.) and/or hardware
(e.g., wires, wireless connections, etc.) to access other devices of the environment
100.

[30] The environment 100 may include one or more data stores (e.g., a data
store 108) and one or more computing devices (e.g., a computing device 109) that
are accessible to the system 102. In some embodiments, the system 102 may be
configured to obtain data (e.g., 0i, di, ti, Di, and Tifor each of multiple vehicle
transportation trips) from the data store 108 (e.g., a historical database or dataset of
N transportation trips) and/or the computing device 109 (e.g., a computer, a server, a
mobile phone used by a driver or rider that captures transportation trip information
such as 0j, di, ti, Di, and Ti). The system 102 may use the obtained data to train

models for estimating travel time and distance.

[31] The environment 100 may further include one or more computing devices
(e.g., computing devices 110 and 111) coupled to the system 102. The computing
devices 110 and 111 may comprise devices such as cellphone, tablet, computer,
wearable device (smart watch), etc. The computing devices 110 and 111 may
transmit or receive data (e.g., a query for estimating travel time and distance,

estimated travel time and distance) to or from the system 102.
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[32] In some embodiments, the system 102 may implement an online information
or service platform. The service may be associated with vehicles (e.g., cars, bikes,
boats, airplanes, etc.), and the platform may be referred to as a vehicle (service
hailing) platform. The platform may accept requests for transportation, identify
vehicles to fulfill the requests, arrange for pick-ups, and process transactions. For
example, a user may use the computing device 110 (e.g., a mobile phone installed
with an Application associated with the platform) to request transportation from the
platform. The system 102 may receive the request and relay it to various vehicle
drivers (e.g., by posting the request to mobile phones carried by the drivers). A
vehicle driver may use the computing device 111 (e.g., another mobile phone
installed with the Application associated with the platform) to accept the posted
transportation request and obtain pick-up location information and information of the
user. Some platform data (e.g., vehicle information, vehicle driver information,
address information) may be stored in the memory 106 or retrievable from the data
store 108 and/or the computing device 109. As described herein, the system 102
may receive a query q = (origin 0q, destination dq, time-of-day tq) and

correspondingly estimate the travel distance and time (Dq, Tq).

[33] In some embodiments, the system 102 and the one or more of the
computing devices (e.g., the computing device 109) may be integrated in a single
device or system. Alternatively, the system 102 and the one or more computing
devices may operate as separate devices. The data store(s) may be anywhere
accessible to the system 102, for example, in the memory 106, in the computing
device 109, in another device (e.g., network storage device) coupled to the system
102, or another storage location (e.g., cloud-based storage system, network file
system, etc.), etc. Although the system 102 and the computing device 109 are
shown as single components in this figure, it is appreciated that the system 102 and
the computing device 109 can be implemented as single devices or multiple devices
coupled together. The system 102 may be implemented as a single system or
multiple systems coupled to each other. In general, the system 102, the computing
device 109, the data store 108, and the computing device 110 and 111 may be able
to communicate with one another through one or more wired or wireless networks
(e.g., the Internet) through which data can be communicated. Various aspects of the

environment 100 are described below in reference to FIG. 2 to FIG. 5.
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[34] FIG. 2 illustrates an example system 200 for estimating time and distance, in
accordance with various embodiments. The operations shown in FIG. 2 and
presented below are intended to be illustrative. In various embodiments, the system
102 may obtain data 202 from the data store 108 and/or the computing device 109.
The obtained data 202 may be stored in the memory 106. The system 102 may train
a model (e.g., the UnifiedNN) with the obtained data 202 to obtain a trained model
for estimating travel time and distance. The computing device 110 may transmit a
query 204 to the system 102, and the system 102 may predict the travel time and
distance by applying the trained model to at least some information from the query
204. The predicted travel time and distance may be included in data 207 to be

returned to the computing device 110 or one or more other devices.

[35] In some embodiments, the obtained data 202 may include information
associated with each of various vehicle trips such as qi = (0i ,di, ti ,Di,Ti ), which are
respectively the origin, destination, time-of-day, distance, and time for the trip i. The
origin and the destination may be represented by GPS coordinates or another
representation. The distance may be trip travel distance in miles or another unit. The
time may be the trip travel time in seconds or another unit. The vehicle trips may
have been carried out by vehicles such as taxis, service-hailing vehicles, etc. The
vehicle service, for efficiency reasons, may be assumed to route a driver on to a path
that has the shortest distance between the origin and the destination irrespective of
time-of-day. Further, oi and di may comprise geo-coordinates, and several methods
can be used to improve the accuracy of the geo-coordinates. For continuous variable
geo-coordinates and in the urban cities (e.g., NYC), because of tall buildings and
dense areas, it is possible to include erroneous GPS coordinates in reported the
data. Other sources of erroneous recording of GPS coordinates involve atmospheric
effects, multi-path effects and ephemeris, and clock errors. Therefore, to combat the
uncertainties in GPS recording and “clean” the training dataset, one or more devices
of the environment 100 (e.g., the system 102, the computing device 109) may
perform data pre-processing on the raw GPS data to remove erroneous GPS
coordinates. In one example, as shown in FIG. 3A, raw GPS coordinates may be
discretized into 2-D square cells (e.g., with a degree of 200 meters in longitude
(“Lon”) and latitude (“Lat”)), and all GPS coordinates inside a square cell can be

represented by the lower left corner (or another preset point) of that square cell. In a



WO 2019/028763 PCT/CN2017/096893

few other examples, any trip meeting any the following conditions may be marked
anomalous and removed from the training data: having more than seven or zero
passenger in a taxi, having missing pickup or drop-off GPS coordinates, having a
travel time of zero seconds while the corresponding travel distance is non-zero,
having a travel distance of zero miles while the corresponding travel time is non-
zero. Alternatively or additionally, other methods may be used to discretize or

otherwise pre-process the raw data.

[36] Similar to the location mapping, the time-of-day may be pre-processed. For
example, the time-of-day may be discretized as 1-D time cells. For example, a day of
3600 « 24 seconds can be discretized by 10 minute cells to obtain 3600*24/60/10 =
144 cells. Each cell may correspond to an average trip time for a vehicle traveling
from the corresponding time-of-day. Additionally, other pre-processing methods can
be applied. For example, riders taking taxis or service-hailing vehicles may have
different patterns depending on the day-of-week (e.g., longer rides at late nights on
weekends), the season (e.g., longer rides in an extremely cold or hot season), the
weather (e.g., longer rides during inclement weather), the geographic region (e.g.,
longer rides in a more spread-out metropolitan area), etc. Taking the day-of-week
example, a weekday may correspond to 144 cells, and a weekend may correspond

to another 144 cells, thus obtaining a total 288 time cells.

[37] In various embodiments, the computing device 110 may make a query 204
directed to the system 102. Alternatively, another device or the system 102 itself may
initiate the query 204. In any case, the query may be received by the system 102 at
any time (e.g., before the user starts the transportation in a vehicle, when the user is
being transported in a vehicle). The query 204 may include an origin, a destination,
and a time-of-day, which may be transmitted by the computing device 110, collected
or otherwise obtained by the system 102. In some embodiments, the origin may be
associated with the location of the user. If the user is moving (e.g., riding in a
vehicle), the origin may be constantly updated, and the travel time and distance

estimation may be constantly updated accordingly.

[38] In various embodiments, the UnifiedNN can learn feature representations
from the training data and best map the features to the output variables. In addition,

the UnifiedNN may be capable of learning any mapping from features to output and

10
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can approximate any non-linear function. The main framework of the UnifiedNN may
be based on neural networks as describe below with reference to FIG. 3B. In neural
networks, neurons may serve as the basic building block. A neuron may receive an
input signal (e.g., input data), process it using a logistic computation function, and
transmit an output signal (e.g., output data) depending on the computation outcome.
When these neurons are arranged into networks of neurons, they are termed as
neural networks. Each column of neurons in the network is called a layer, and a
network can have multiple layers with multiple neurons in each layer. Network with
single neuron is called perceptron and network with multiple layers of neurons is
called multi-layer perceptron (MLP). A two hidden layer MLPs (layer A1 and layer A2)
are shown in FIG. 3B, where the input layer comprises the inputs (X1, X2, X3, X4) to
the network. The input layer is also called the visible layer because this may be the
only exposed part of the network. Hidden layers derive features from the input layer
at different scales or resolutions to form high-level features and output a value or a
vector of values at the output layer. At each hidden layer, network may compute the

features as:

[39] A1=f(W1xX)
[40] Ac=f(W2xA1)
[41] Y=1(WsxA2)

[42] Where, f is the activation function which takes the linear combination of
weights (e.g., W1, W2, W3) and outputs at the previous layer and outputs a value.
Function f can be identical for all the hidden layers or can be different. A1, A2, and Y
are the successive outputs of first hidden layer, second hidden layer, and the final
output layer. For a given row of data X as an input to network, the network may
process the input to obtain A1, A2 and finally obtain the predicted output Y. This can
be called forward pass. Then the predicted output Y can be compared with the
expected output Y to compute an error using a loss function. The expected output Y
may possess a high level of accuracy (e.g., independently verified result, manually
obtained result, cross-checked result). The loss function measures the confidence

level for the estimated outcome of the network. For example, in a regression

11
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problem, the mean square loss between predicted and expected output can be

computed as:
[43]  L(Y,7)= L EL, (v -0 (1)

[44] Where, N is the number of training data samples and Y' represents the
expected output of i" training sample. This error can then be propagated back
through the network using a backpropagation algorithm to update the weights Wh,
W2, W3 for each layer according to stochastic gradient descent, one layer at a time.
This can be called backward pass. The process of forward pass and backward pass
can be repeated for all the data sample in training data, and one pass over the entire
training dataset can be called an epoch. Thus, the neuron network can be trained to
minimize the loss for a large number of epochs. Further, all the hyper-parameters
such as number of layers in a network, number of neurons per layer, activation of
neurons, the loss function may be tuned using cross-validation. Thus, by training and
tuning described above, a trained neuron network can be obtained for accurately
mapping from features to outputs. And in this disclosure, the features may comprise
the origin, destination, GPS coordinates, and time-of-day, and the outputs may

comprise the predicted travel time and distance.

[45] Referring to FIG. 3C, FIG. 3C illustrates an example UnifiedNN 330 for
estimating travel time and distance, in accordance with various embodiments. The
UnifiedNN and various modules (e.g., Distance DNN (deep neural network) Module,
Time DNN Module) described herein may be implemented as instructions stored in
the memory 106 described above. The instructions, when executed by the processor
104, may cause the system 102 to perform various methods and steps described

herein.

[46] In some embodiments, the UnifiedNN may comprise a “Distance DNN
Module” for travel distance estimation and a “Time DNN Module” for travel time
estimation. The input to Distance DNN module may comprise the origin oi and
destination di in binned GPS coordinates (Origin Lat Bin, Origin Lon Bin, Destination
Lat Bin, Destination Lon Bin). The Distance DNN module may not be exposed to
time-of-day ti information, because the time-of-day information is irrelevant to the

travel distance estimation and may misguide the network. Therefore, the inputs to

12
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the Distance DNN module may comprise only the Origin Lat Bin, Origin Lon Bin,
Destination Lat Bin, and Destination Lon Bin. The Distance DNN can accomplish
predicting the travel distance. Further, the inputs to the Time DNN Module may
comprise information of a last layer of the first module (e.g., activations or activation
functions of the last hidden layer of the Distance DNN Module, the last hidden layer
of the Distance DNN Module, the obtained travel distance output from the last layer,
etc.) and the time-of-day information, because time-of-day information is related to
the dynamic traffic condition information and is thus important for estimating the

travel time. Thus, the Time DNN module can accomplish predicting the travel time.

[47] In some embodiments, both the Distance DNN module and the Time DNN
module may be three layer MLPs with various numbers of neurons per layer.

FIG. 3C illustrates an example cross-validated number of neurons per layer
parameters for these two modules configured for the best performance of accurate
travel time and distance prediction. The Distance DNN model may comprise three
hidden layers: a first layer of 20 neurons, a second layer of 100 neurons, and a third
layer of 20 neurons. The Time DNN model may comprise three hidden layers: a first
layer of 64 neurons, a second layer of 128 neurons, and a third layer of 20 neurons.
Yo and Yt are the predicted distance and time from the Distance DNN module and
the Time DNN module. The whole network can be trained jointly via stochastic

gradient descent with the loss function:

[48] L(YD, YT, ?D’ ?T) - L(YT, ?T) +L(YD, ?D)
(2)

[49] From the equation (1), the loss function of equation (2) can be written as:

1
2N

[501  L(Yp, Yr, ¥, Pr) =
(3)

i ol 1 i ot
OO S ﬁZ?’ﬂ(YDl —1p)?

[51] The disclosed methods (e.g., the UnifiedNN) can more accurately predict the
travel time and distance than other methods such as: (1) Linear Regression for Time
(LRT), a simple linear regression method for time estimation which models the travel
time as a function of origin and destination defined by the 2-D square cell and the 1-

D time cell number; (2) Linear Regression for Distance (LRD), a simple linear
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regression method for distance estimation which models the travel distance as a
function of origin and destination defined by the 2-D square cell; (3) Time DNN
module (TimeNN), a method where only the Time DNN module of the UnifiedNN is
used to learn the travel time, and inputs to this module comprising only the origin
and destination defined by the 2-D square cell and the 1-D time cell number; and (4)
Distance DNN Module (DistNN), a method where only the Distance DNN module of
the UnifiedNN is used to learn the travel distance, and inputs to this module

comprising only the raw origin and destination defined by the 2-D square cell.

[52] The disclosed methods are better than the simple linear regression method
for travel time estimation (LRT), because the simple linear regression is a baseline
method which does not consider the uncertain traffic conditions and simply tries to
find the linear relationship between the raw origin-destination GPS coordinates and
the travel time. Considering the temporal differences, the TimeNN can improve the
travel time prediction from LRT by mapping the raw origin-destination GPS
coordinates and time-of-day information to travel time. This can cause about 78%
improvement in MAE. The disclosed method can add the encoded distance
information for travel time prediction to the TimeNN, further improving the prediction
performance. The MAE can be improved by approximately 13 seconds from the
TimeNN to the UnifiedNN. Since the MAE may be averaged over millions of vehicle
trips, the improvement of approximately 13 seconds in MAE is significant. The travel
time and distance predictions are more accurate performed by the UnifiedNN than by
the TimeNN, and the difference may increase with longer trips (e.g., longer than 12
Minutes or 720 Seconds). In some embodiments, short trips particularly those up to
around 8-10 minutes are more prone to be effected by the temporal conditions, the
disclosed methods may be all time better at capturing the dynamic conditions than
other methods. In particular, the disclosed methods may offer significant benefits for

short trips over other methods.

[53] Similar to the LRT, the LRD performs worse than the UnifiedNN, because
most vehicle service areas include urban cities, and it is very hard to find a straight
route from the origin to destination. Thus, despite that the LRD always tries to strive
for a linear pattern, finding a linear distance pattern is not an efficient approach.

Further, the performance difference between the DistNN and the UnifiedNN is small,
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but the DistNN does not have a high performance travel time estimation as the
DistNN method is calculated using only distance data without inputs on temporal

conditions as further described herein.

[54] FIG. 4A illustrates a flowchart of an example method 400, according to
various embodiments of the present disclosure. The method 400 may be
implemented in various environments including, for example, the environment 100 of
FIG. 1. The example method 400 may be implemented by one or more components
of the system 102 (e.g., the processor 104, the memory 106). The example method
400 may be implemented by multiple systems similar to the system 102. The
operations of method 400 presented below are intended to be illustrative. Depending
on the implementation, the example method 400 may include additional, fewer, or

alternative steps performed in various orders or in parallel.

[55] At block 402, a vehicle trip dataset of a plurality of trips may be obtained, the
dataset comprising an origin, a destination, a time-of-day, a trip time, and a trip
distance associated with each of the plurality of trips. In some embodiments, the
origin and the destination may be pre-processed as described above, for example, to
obtain binned GPS (Global Positioning System) coordinates. The trip time may also
be pre-processed as described above to obtain binned trip time. At block 404, a
neural network model may be trained with the vehicle trip dataset to obtain a trained
model. The neural network model may comprise a first module and a second module
each corresponding to at least a part of the instructions stored in the memory. The
first module may comprise a first number of neuron layers. The first module may be
configured to obtain the origin and the destination as first inputs to estimate a travel
distance. The second module may comprise a second number of neuron layers. The
second module may be configured to obtain the information of a last layer of the first
module and the time-of-day as second inputs to estimate a travel time. In some
embodiments, to train the neural network model with the vehicle trip dataset, the
computing system 102 may be caused or configured to feed the origin and the
destination to the first module to obtain the first number and a number of neurons in
each of the first number of neuron layers, compare the estimated travel distance with
the trip distance to tune the first number and the number of neurons in each of the

first number of neuron layers, feed the information of the last layer of the first module
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and the time-of-day to the second module to obtain the second number and a
number neurons in each of the second number of neuron layers, and compare the
estimated travel time with the trip time to tune the second number and a number
neurons in each of the second number of neuron layers. At block 406, optionally, a
query may be received, the query comprising a query origin, a query destination, and
a query time-of-day (here, the origin, the destination, and the time-of-day are
modified by “query” to differentiate from the origin, the destination, and the time-of-
day of the training dataset described above). At block 408, optionally, the trained
model may be applied to the received query to estimate the travel time and the travel

distance from the query origin to the query destination for the query time-of-day.

[56] In some embodiments, the first module and the second module may be
implemented as various instructions stored in a memory (e.g., the memory 106
described above). The instructions, when executed by a processor (e.g., the
processor 104 described above), may cause the system (e.g., the system 102) to
perform various steps and methods described herein. The first module may be a
neural network model comprising three neuron layers, and the second module may
be another neural network model comprising three neuron layers. The first module
may comprise a first neuron layer comprising 20 neurons, a second neuron layer
comprising 100 neurons, and a third neuron layer comprising 20 neurons. The
second module may comprise a first neuron layer comprising 64 neurons, a second
neuron layer comprising 120 neurons, and a third neuron layer comprising 20

neurons.

[57] In some embodiments, the block 406 and the block 408 may illustrate
applying a trained model to estimate the travel time and distance. For example, a
user may submit the query when looking for a transportation (e.g., by a taxi or
another vehicle) from the query origin to the query destination. The estimated travel
time and distance returned to the user can provide important information for the user
to decide when to take the transportation as planned. For another example, a user
being transported (e.g., by a taxi or another vehicle) may constantly receive the
updated travel time and distance estimation while riding in the vehicle based on the
changing query origin (the real-time location of the vehicle or the user). The user

may adjust the schedule accordingly based on the updated travel time and distance,
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make changes to the transportation route plan if necessary, etc. In any case, the
user may actively submit the origin and destination (e.g., entered addresses, pinned
locations on map) to the computing system 102, and/or the computing system 102
may actively capture the origin and destination (e.g., querying the computing device

110 for its current location to update the origin).

[58] FIG. 4B illustrates a flowchart of an example method 450, according to
various embodiments of the present disclosure. The method 450 may be
implemented in various environments including, for example, the environment 100 of
FIG. 1. The example method 450 may be implemented by one or more components
of the system 102 (e.g., the processor 104, the memory 106). The example method
450 may be implemented by multiple systems similar to the system 102. The
operations of method 450 presented below are intended to be illustrative. Depending
on the implementation, the example method 450 may include additional, fewer, or
alternative steps performed in various orders or in parallel. Various modules

described below may have been trained, e.g., by the methods discussed above.

[59] At block 452, information on an origin and a destination may be input to a
first trained neural network module (e.g., the Distance DNN as described above) to
obtain a travel distance. For example, a user may directly enter the origin and
destination into a device and transmitted to the computing system 102. For another
example, the computing system 102 may query a device (e.g., mobile phone)
associated with the user to obtain or update the origin or destination. At step 454,
time information (e.g., time-of-day information) and information of a last layer of the
first trained neural network module (e.g., activations or activation functions of the last
hidden layer of the Distance DNN Module, the last hidden layer of the Distance DNN
Module, the obtained travel distance output from the last layer, etc.) may be input to
a second trained neural network module (e.g., the Time DNN as described above) to
obtain a travel time. The computing system 102 may feed the information of the last
layer of the first trained neural network module to the second trained neural network
module. The time-of-day information may be actively submitted by the user or
actively obtained by the computing system 102. The input to Distance DNN module
may comprise the origin oi and destination di in binned GPS coordinates (Origin Lat

Bin, Origin Lon Bin, Destination Lat Bin, Destination Lon Bin). The Distance DNN
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can accomplish predicting the travel distance. The inputs to the Time DNN Module
may comprise information such as activations of the last hidden layer of the Distance
DNN Module and the time-of-day information, because time-of-day information is
related to the dynamic traffic condition information and is thus important for
estimating the travel time. Thus, the Time DNN can accomplish predicting the travel
time.

[60] The techniques described herein are implemented by one or more special-
purpose computing devices. The special-purpose computing devices may be hard-
wired to perform the techniques, or may include circuitry or digital electronic devices
such as one or more application-specific integrated circuits (ASICs) or field
programmable gate arrays (FPGAs) that are persistently programmed to perform the
techniques, or may include one or more hardware processors programmed to
perform the techniques pursuant to program instructions in firmware, memory, other
storage, or a combination. Such special-purpose computing devices may also
combine custom hard-wired logic, ASICs, or FPGAs with custom programming to
accomplish the techniques. The special-purpose computing devices may be desktop
computer systems, server computer systems, portable computer systems, handheld
devices, networking devices or any other device or combination of devices that
incorporate hard-wired and/or program logic to implement the techniques.
Computing device(s) are generally controlled and coordinated by operating system
software. Conventional operating systems control and schedule computer processes
for execution, perform memory management, provide file system, networking, I1/0
services, and provide a user interface functionality, such as a graphical user

interface (“GUI"), among other things.

[61] FIG. 5 is a block diagram that illustrates a computer system 500 upon which
any of the embodiments described herein may be implemented. The system 500
may correspond to the system 102 described above. The computer system 500
includes a bus 502 or other communication mechanism for communicating
information, one or more hardware processors 504 coupled with bus 502 for
processing information. Hardware processor(s) 504 may be, for example, one or
more general purpose microprocessors. The processor(s) 504 may correspond to

the processor 104 described above.
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[62] The computer system 500 also includes a main memory 506, such as a
random access memory (RAM), cache and/or other dynamic storage devices,
coupled to bus 502 for storing information and instructions to be executed by
processor 504. Main memory 506 also may be used for storing temporary variables
or other intermediate information during execution of instructions to be executed by
processor 504. Such instructions, when stored in storage media accessible to
processor 504, render computer system 500 into a special-purpose machine that is
customized to perform the operations specified in the instructions. The computer
system 500 further includes a read only memory (ROM) 508 or other static storage
device coupled to bus 502 for storing static information and instructions for processor
504. A storage device 510, such as a magnetic disk, optical disk, or USB thumb
drive (Flash drive), etc., is provided and coupled to bus 502 for storing information
and instructions. The main memory 506, the ROM 508, and/or the storage 510 may

correspond to the memory 106 described above.

[63] The computer system 500 may implement the techniques described herein
using customized hard-wired logic, one or more ASICs or FPGAs, firmware and/or
program logic which in combination with the computer system causes or programs
computer system 500 to be a special-purpose machine. According to one
embodiment, the techniques herein are performed by computer system 500 in
response to processor(s) 504 executing one or more sequences of one or more
instructions contained in main memory 506. Such instructions may be read into main
memory 506 from another storage medium, such as storage device 510. Execution
of the sequences of instructions contained in main memory 506 causes processor(s)
504 to perform the process steps described herein. In alternative embodiments,
hard-wired circuitry may be used in place of or in combination with software

instructions.

[64] The main memory 506, the ROM 508, and/or the storage 510 may include
non-transitory storage media. The term “non-transitory media,” and similar terms, as
used herein refers to any media that store data and/or instructions that cause a
machine to operate in a specific fashion. Such non-transitory media may comprise
non-volatile media and/or volatile media. Non-volatile media includes, for example,

optical or magnetic disks, such as storage device 510. Volatile media includes
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dynamic memory, such as main memory 506. Common forms of non-transitory
media include, for example, a floppy disk, a flexible disk, hard disk, solid state drive,
magnetic tape, or any other magnetic data storage medium, a CD-ROM, any other
optical data storage medium, any physical medium with patterns of holes, a RAM, a
PROM, and EPROM, a FLASH-EPROM, NVRAM, any other memory chip or

cartridge, and networked versions of the same.

[65] The computer system 500 also includes a communication interface 518
coupled to bus 502. Communication interface 518 provides a two-way data
communication coupling to one or more network links that are connected to one or
more local networks. For example, communication interface 518 may be an
integrated services digital network (ISDN) card, cable modem, satellite modem, or a
modem to provide a data communication connection to a corresponding type of
telephone line. As another example, communication interface 518 may be a local
area network (LAN) card to provide a data communication connection to a
compatible LAN (or WAN component to communicated with a WAN). Wireless links
may also be implemented. In any such implementation, communication interface 518
sends and receives electrical, electromagnetic or optical signals that carry digital

data streams representing various types of information.

[66] The computer system 500 can send messages and receive data, including
program code, through the network(s), network link and communication interface
518. In the Internet example, a server might transmit a requested code for an
application program through the Internet, the ISP, the local network and the

communication interface 518.

[67] The received code may be executed by processor 504 as it is received,

and/or stored in storage device 510, or other non-volatile storage for later execution.

[68] Each of the processes, methods, and algorithms described in the preceding
sections may be embodied in, and fully or partially automated by, code modules
executed by one or more computer systems or computer processors comprising
computer hardware. The processes and algorithms may be implemented partially or

wholly in application-specific circuitry.
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[69] The various features and processes described above may be used
independently of one another, or may be combined in various ways. All possible
combinations and sub-combinations are intended to fall within the scope of this
disclosure. In addition, certain method or process blocks may be omitted in some
implementations. The methods and processes described herein are also not limited
to any particular sequence, and the blocks or states relating thereto can be
performed in other sequences that are appropriate. For example, described blocks or
states may be performed in an order other than that specifically disclosed, or multiple
blocks or states may be combined in a single block or state. The example blocks or
states may be performed in serial, in parallel, or in some other manner. Blocks or
states may be added to or removed from the disclosed example embodiments. The
example systems and components described herein may be configured differently
than described. For example, elements may be added to, removed from, or

rearranged compared to the disclosed example embodiments.

[70] The various operations of example methods described herein may be
performed, at least partially, by one or more processors that are temporarily
configured (e.g., by software) or permanently configured to perform the relevant
operations. Whether temporarily or permanently configured, such processors may
constitute processor-implemented engines that operate to perform one or more

operations or functions described herein.

[71] Similarly, the methods described herein may be at least partially processor-
implemented, with a particular processor or processors being an example of
hardware. For example, at least some of the operations of a method may be
performed by one or more processors or processor-implemented engines. Moreover,
the one or more processors may also operate to support performance of the relevant
operations in a “cloud computing” environment or as a “software as a service”
(SaaS). For example, at least some of the operations may be performed by a group
of computers (as examples of machines including processors), with these operations
being accessible via a network (e.g., the Internet) and via one or more appropriate

interfaces (e.g., an Application Program Interface (API)).

[72] The performance of certain of the operations may be distributed among the

processors, not only residing within a single machine, but deployed across a number
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of machines. In some example embodiments, the processors or processor-
implemented engines may be located in a single geographic location (e.g., within a
home environment, an office environment, or a server farm). In other example
embodiments, the processors or processor-implemented engines may be distributed

across a number of geographic locations.

[73] Throughout this specification, plural instances may implement components,
operations, or structures described as a single instance. Although individual
operations of one or more methods are illustrated and described as separate
operations, one or more of the individual operations may be performed concurrently,
and nothing requires that the operations be performed in the order illustrated.
Structures and functionality presented as separate components in example
configurations may be implemented as a combined structure or component.
Similarly, structures and functionality presented as a single component may be
implemented as separate components. These and other variations, modifications,

additions, and improvements fall within the scope of the subject matter herein.

[74] Although an overview of the subject matter has been described with
reference to specific example embodiments, various modifications and changes may
be made to these embodiments without departing from the broader scope of
embodiments of the present disclosure. Such embodiments of the subject matter
may be referred to herein, individually or collectively, by the term “invention” merely
for convenience and without intending to voluntarily limit the scope of this application

to any single disclosure or concept if more than one is, in fact, disclosed.

[75] The embodiments illustrated herein are described in sufficient detail to
enable those skilled in the art to practice the teachings disclosed. Other
embodiments may be used and derived therefrom, such that structural and logical
substitutions and changes may be made without departing from the scope of this
disclosure. The Detailed Description, therefore, is not to be taken in a limiting sense,
and the scope of various embodiments is defined only by the appended claims,

along with the full range of equivalents to which such claims are entitled.

[76] Any process descriptions, elements, or blocks in the flow diagrams

described herein and/or depicted in the attached figures should be understood as
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potentially representing modules, segments, or portions of code which include one or
more executable instructions for implementing specific logical functions or steps in
the process. Alternate implementations are included within the scope of the
embodiments described herein in which elements or functions may be deleted,
executed out of order from that shown or discussed, including substantially
concurrently or in reverse order, depending on the functionality involved, as would be

understood by those skilled in the art.

[77] As used herein, the term “or” may be construed in either an inclusive or
exclusive sense. Moreover, plural instances may be provided for resources,
operations, or structures described herein as a single instance. Additionally,
boundaries between various resources, operations, engines, and data stores are
somewhat arbitrary, and particular operations are illustrated in a context of specific
illustrative configurations. Other allocations of functionality are envisioned and may
fall within a scope of various embodiments of the present disclosure. In general,
structures and functionality presented as separate resources in the example
configurations may be implemented as a combined structure or resource. Similarly,
structures and functionality presented as a single resource may be implemented as
separate resources. These and other variations, modifications, additions, and
improvements fall within a scope of embodiments of the present disclosure as
represented by the appended claims. The specification and drawings are,

accordingly, to be regarded in an illustrative rather than a restrictive sense.

” o ” o

[78] Conditional language, such as, among others, “can,” “could,” “might,” or
‘may,” unless specifically stated otherwise, or otherwise understood within the
context as used, is generally intended to convey that certain embodiments include,
while other embodiments do not include, certain features, elements and/or steps.
Thus, such conditional language is not generally intended to imply that features,
elements and/or steps are in any way required for one or more embodiments or that
one or more embodiments necessarily include logic for deciding, with or without user
input or prompting, whether these features, elements and/or steps are included or

are to be performed in any particular embodiment.
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CLAIMS:

1. A computing system for estimating travel time and distance, comprising:
one or more processors; and
a memory storing instructions that, when executed by the one or more
processors, cause the computing system to:
obtain a vehicle trip dataset comprising an origin, a destination, a time-
of-day, a trip time, and a trip distance associated with each of a plurality of trips; and
train a neural network model with the vehicle trip dataset to obtain a
trained model, wherein:
the neural network model comprises a first module and a
second module;
the first module comprises a first number of neuron layers;
the first module is configured to obtain the origin and the
destination as first inputs to estimate a travel distance;
the second module comprises a second number of neuron
layers; and
the second module is configured to obtain information of a last
layer of the first module and the time-of-day as second inputs to estimate a travel

time.

2. The computing system of claim 1, wherein the memory further stores
instructions that, when executed by the one or more processors, cause the
computing system to:

receive a query comprising a query origin, a query destination, and a query
time-of-day; and

apply the trained model to the received query to estimate the travel time and
the travel distance from the query origin to the query destination for the query time-

of-day.

3. The computing system of claim 1, wherein:
the origin and the destination each comprise binned GPS (Global Positioning
System) coordinates; and

the trip time comprises binned trip time.
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4. The computing system of claim 1, wherein, to train the neural network
model with the vehicle trip dataset, the computing system is caused to:

feed the origin and the destination to the first module to obtain the first
number and a number of neurons in each of the first number of neuron layers; and

compare the estimated travel distance with the trip distance to tune the first

number and the number of neurons in each of the first number of neuron layers.

. The computing system of claim 4, wherein, to train the neural network
model with the vehicle trip dataset, the computing system is further caused to:

feed the information of the last layer of the first module and the time-of-day to
the second module to obtain the second number and a number neurons in each of
the second number of neuron layers; and

compare the estimated travel time with the trip time to tune the second

number and a number neurons in each of the second number of neuron layers.

6. The computing system of claim 1, wherein:
the first module is a neural network comprising three neuron layers; and

the second module is another neural network comprising three neuron layers.

7. The computing system of claim 6, wherein the first module comprises:
a first neuron layer comprising 20 neurons;
a second neuron layer comprising 100 neurons; and

a third neuron layer comprising 20 neurons.

8. The computing system of claim 6, wherein the second module
comprises:

a first neuron layer comprising 64 neurons;

a second neuron layer comprising 120 neurons; and

a third neuron layer comprising 20 neurons.

9. A method for estimating travel time and distance, comprising:
obtaining a vehicle trip dataset comprising an origin, a destination, a time-of-

day, a trip time, and a trip distance associated with each of a plurality of trips; and
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training a neural network model with the vehicle trip dataset to obtain a trained

model, wherein:

the neural network model comprises a first module and a second
module;

the first module comprises a first number of neuron layers;

the first module is configured to obtain the origin and the destination as
first inputs to estimate a travel distance;

the second module comprises a second number of neuron layers; and

the second module is configured to obtain the information of a last
layer of the first module and the time-of-day as second inputs to estimate a travel

time.

10. The method of claim 9, further comprising:

receiving a query comprising a query origin, a query destination, and a query
time-of-day; and

applying the trained model to the received query to estimate the travel time
and the travel distance from the query origin to the query destination for the query

time-of-day.

11. The method of claim 9, wherein:
the origin and the destination each comprise binned GPS (Global Positioning
System) coordinates; and

the trip time comprises binned trip time.

12. The method of claim 9, wherein training the neural network model with
the vehicle trip dataset comprises:

feeding the origin and the destination to the first module to obtain the first
number and a number of neurons in each of the first number of neuron layers; and

comparing the estimated travel distance with the trip distance to tune the first

number and the number of neurons in each of the first number of neuron layers.

13. The method of claim 12, wherein training the neural network model

with the vehicle trip dataset comprises:
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feeding the information of the last layer of the first module and the time-of-day
to the second module to obtain the second number and a number neurons in each of
the second number of neuron layers; and

comparing the estimated travel time with the trip time to tune the second

number and a number neurons in each of the second number of neuron layers.

14. The method of claim 9, wherein:
the first module is a neural network comprising three neuron layers; and

the second module is another neural network comprising three neuron layers.

15. The method of claim 14, wherein the first module comprises:
a first neuron layer comprising 20 neurons;
a second neuron layer comprising 100 neurons; and

a third neuron layer comprising 20 neurons.

16. The method of claim 14, wherein the second module comprises:
a first neuron layer comprising 64 neurons;
a second neuron layer comprising 120 neurons; and

a third neuron layer comprising 20 neurons.

17. A non-transitory computer-readable medium for estimating travel time
and distance, comprising instructions stored therein, wherein the instructions, when
executed by one or more processors, cause the one or more processors to perform
the steps of:

obtaining a vehicle trip dataset comprising an origin, a destination, a time-of-
day, a trip time, and a trip distance associated with each of a plurality of trips; and

training a neural network model with the vehicle trip dataset to obtain a trained
model, wherein:

the neural network model comprises a first module and a second
module;

the first module comprises a first number of neuron layers;

the first module is configured to obtain the origin and the destination as
first inputs to estimate a travel distance;

the second module comprises a second number of neuron layers; and
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the second module is configured to obtain the information of a last
layer of the first module and the time-of-day as second inputs to estimate a travel

time.

18. The non-transitory computer-readable medium of claim 17, wherein
the instructions, when executed by one or more processors, further perform the
steps of:

receiving a query comprising a query origin, a query destination, and a query
time-of-day; and

applying the trained model to the received query to estimate the travel time
and the travel distance from the query origin to the query destination for the query

time-of-day.

19. The non-transitory computer-readable medium of claim 17, wherein:
the first module is a neural network comprising three neuron layers; and

the second module is another neural network comprising three neuron layers.

20. The non-transitory computer-readable medium of claim 17, wherein:
the first module comprises:

a first neuron layer comprising 20 neurons;

a second neuron layer comprising 100 neurons; and

a third neuron layer comprising 20 neurons; and
the second module comprises:

a first neuron layer comprising 64 neurons;

a second neuron layer comprising 120 neurons; and

a third neuron layer comprising 20 neurons.

21. A method for estimating a travel time, comprising:

inputting information on an origin and a destination to a first trained neural
network module to obtain a travel distance; and

inputting time information and information of a last layer of the first trained
neural network module to a second trained neural network module to obtain a travel

time.
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22. The method of claim 21, wherein:
the first neural network module comprises three neuron layers; and

the second neural network module comprises three neuron layers.
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400 _Q 5/7

402: Obtain a vehicle trip dataset comprising an origin, a destination,
a time-of-day, a trip time, and a trip distance associated with each of
a plurality of trips

l

404: Train a neural network model with the vehicle trip dataset to
obtain a trained model, wherein the neural network model comprises
a first module and a second module, the first module comprises a
first number of neuron layers, the first module is configured to obtain
the origin and the destination as first inputs to estimate a travel
distance, the second module comprises a second number of neuron
layers, and the second module is configured to obtain information of
a last layer of the first module and the time-of-day as second inputs
to estimate a travel time
406: Receive a query comprising a query origin, a query destination,
and a query time-of-day

'

408: Apply the trained model to the received query to estimate the
travel time and the travel distance from the query origin to the query
destination for the query time-of-day

FIGURE 4A
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452: Input information on an origin and a destination to a first trained
neural network module to obtain a travel distance

454: Input time information and information of a last layer of the first

trained neural network module to a second trained neural network
module to obtain a travel time

FIGURE 4B
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