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PROCESSING APPARATUS AND METHOD FOR GENERATING 

ROUTE NAVIGATION DATA 

 

Technical Field 

 5 

The invention relates generally to the field of at least one of navigation, mapping and 

communications. One aspect of the invention relates to a processing apparatus for 

generating route navigation data. Another aspect of the invention relates to a 

method for generating route navigation data. 

 10 

One aspect of the invention has particular, but not exclusive, application to 

navigation (e.g., for vehicles) through one or more roads. 

 

Background 

 15 

Digital road networks, including OpenStreetMap (OSM), etc., have proliferated over 

the past few years due to the increasing availability of driver trajectories, satellite 

images and advances in computer vision. While some digital maps are proprietary, 

OSM is crowd sourced and free. 

 20 

Digital road network graphs are associated with several attributes such as direction 

of travel (DoT), street names, turn restrictions, U-turns, complex traffic intersections, 

number of lanes, road types, toll roads, traffic lights etc. It is essential that the 

aforementioned road attributes are correct to ensure that the given map can be 

used for routing and navigation. The features should not only be correct but should 25 

be periodically maintained and validated to account for the addition of new roads, 

new traffic rules, temporary/permanent road closures, to ensure seamless and safe 

navigation capabilities. 
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Summary 

 

Aspects of the invention are as set out in the independent claims. Some optional 

features are defined in the dependent claims. 

 5 

Implementation of the techniques disclosed herein may provide significant technical 

advantages. The techniques may generate route navigation data for enabling 

navigation of traffic through one or more roads. The techniques may enable 

determination or prediction of a direction of traffic flow (or direction of travel) on 

one or more roads, using a classifier model that is or has been trained using road 10 

network data, and data derived from geolocation transmissions. The route 

navigation data that is generated corresponding to the predicted direction of the 

traffic flow on the road(s) may be communicated to road users to aid the road users 

in navigating through the road(s). With the trained model, the techniques disclosed 

herein may make predictions with a better accuracy. 15 

 

Therefore, the techniques disclosed herein may enable one or more of (i) improved 

navigation experience for road users, (ii) better traffic management that may 

minimise navigation error by road users onto roads that may be classified as either 

for uni-directional traffic flow or bi-directional traffic flow, (iii) better traffic 20 

management to allow smoother flow of traffic, (iv) alert road users of the predicted 

direction of traffic flow or travel in advance to aid navigation, thereby potentially 

minimising traffic disruption, (v) improved safety with users having knowledge of the 

predicted direction of traffic flow or travel, and (vi) compliance with the travel 

direction based on the predicted direction of traffic flow. 25 

 

In at least some implementations, the techniques disclosed herein reduce processing 

overhead or the burden on a processing apparatus for generating route navigation 

data, by applying a classifier model that has been trained to data associated with a 

road so as to predict the direction of traffic flow on the road. 30 
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In at least some implementations, the techniques disclosed herein reduce processing 

overhead by generating training data based on data that may already be available. 

For example, a service provider may have access to a database of geolocation 

transmissions associated with road users that use services provided by or associated 5 

with the service provider, where such geolocation transmissions may be used for 

generating the training data. 

 

In at least some implementations, the techniques disclosed herein may process the 

route navigation data to generate at least one of visual information or audio 10 

information corresponding to the predicted direction of the traffic flow on the road 

for communication to road user(s). 

 

In at least some implementations, the techniques disclosed herein may process data 

indicative of a digital map representative of the road network, and the route 15 

navigation data for communicating information corresponding to the predicted 

direction of the traffic flow on the road with the digital map. 

 

In an exemplary implementation, the functionality of the techniques disclosed herein 

may be implemented in software running on a handheld communications device, 20 

such as a mobile phone. The software which implements the functionality of the 

techniques disclosed herein may be contained in an “app” – a computer program, or 

computer program product – which the user has downloaded from an online store. 

When running on the, for example, user’s mobile telephone, the hardware features 

of the mobile telephone may be used to implement the functionality described 25 

below, such as using the mobile telephone’s transceiver components to establish the 

secure communications channel for generating route navigation data. 
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Brief Description of the Drawings 

 

The invention will now be described, by way of example only, and with reference to 

the accompanying drawings in which:  

FIG. 1 is a schematic block diagram illustrating an exemplary communications system 5 

involving a communications server apparatus. 

FIG. 2A shows a schematic block diagram illustrating a processing apparatus for 

generating route navigation data. 

FIG. 2B shows a schematic block diagram illustrating architecture components of the 

processing apparatus of FIG. 2A. 10 

FIG. 2C shows a flow chart illustrating a method for generating route navigation 

data. 

FIG. 3 shows an example of a section of a road network graph. 

FIG. 4 shows a flow chart for direction of travel (DoT) classification. 

FIG. 5 shows a plot of the feature importance of the input features. 15 

 

Detailed Description 

 

Various embodiments may include techniques, which may include one or more 

systems and/or one or more methods, to discover one or more road attributes so as 20 

to provide an aid for routing and navigation, for example, from crowd sourced GPS 

(Global Positioning System) traces. 

 

The techniques disclosed herein may make use of one or more of (i) statistical 

insights derived from large scale GPS trajectory data that may be in the possession of 25 

a service provider for, for example, transport-related services, (ii) map geometry 

models from internal maps (e.g., maps that may be available internally to or within a 

service provider) and open source map providers including Open Street Maps (OSM), 

(iii) application of artificial intelligence (AI)/machine learning (ML) models on GPS 
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traces along with several other road attributes, and (iv) multitude of sensor signals 

such as speed, bearing, inertial motion sensor based readings, etc. 

 

The techniques may provide for one or more methods to (automatically) discover 

and/or predict and/or validate one or more road attributes that may be needed for 5 

routing and navigation, such as the direction of travel (DoT) on a road or road 

segment. The techniques may further determine whether traffic on a road or road 

segment is one-way or bi-directional. The techniques may be carried out by 

leveraging GPS traces obtained, for example, from a plurality (e.g., millions) of 

transport-related services (e.g., rides) along with artificial intelligence (AI), and 10 

machine learning (ML) methods. Domain knowledge of the underlying map 

geometry may also be used. 

 

Referring first to FIG. 1, a communications system 100 is illustrated, which may be 

applicable in various embodiments. The communications system 100 may be for 15 

generating route navigation data. 

 

The communications system 100 includes a communications server apparatus 102, a 

first user (or client) communications device 104 and a second user (or client) 

communications device 106. These devices 102, 104, 106 are connected in or to the 20 

communications network 108 (for example, the Internet) through respective 

communications links 110, 112, 114 implementing, for example, internet 

communications protocols. The communications devices 104, 106 may be able to 

communicate through other communications networks, such as public switched 

telephone networks (PSTN networks), including mobile cellular communications 25 

networks, but these are omitted from FIG. 1 for the sake of clarity. It should be 

appreciated that there may be one or more other communications devices similar to 

the devices 104, 106. 
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The communications server apparatus 102 may be a single server as illustrated 

schematically in FIG. 1, or have the functionality performed by the communications 

server apparatus 102 distributed across multiple server components. In the example 

of FIG. 1, the communications server apparatus 102 may include a number of 

individual components including, but not limited to, one or more microprocessors 5 

(µP) 116, a memory 118 (e.g., a volatile memory such as a RAM (random access 

memory)) for the loading of executable instructions 120, the executable 

instructions 120 defining the functionality the server apparatus 102 carries out under 

control of the processor 116. The communications server apparatus 102 may also 

include an input/output (I/O) module (which may be or include a transmitter module 10 

and/or a receiver module) 122 allowing the server apparatus 102 to communicate 

over the communications network 108. User interface (UI) 124 is provided for user 

control and may include, for example, one or more computing peripheral devices 

such as display monitors, computer keyboards and the like. The communications 

server apparatus 102 may also include a database (DB) 126, the purpose of which 15 

will become readily apparent from the following discussion. 

 

The communications server apparatus 102 may be for generating route navigation 

data. 

 20 

The user communications device 104 may include a number of individual 

components including, but not limited to, one or more microprocessors (µP) 128, a 

memory 130 (e.g., a volatile memory such as a RAM) for the loading of executable 

instructions 132, the executable instructions 132 defining the functionality the user 

communications device 104 carries out under control of the processor 128. User 25 

communications device 104 also includes an input/output (I/O) module (which may 

be or include a transmitter module and/or a receiver module) 134 allowing the user 

communications device 104 to communicate over the communications network 108. 

A user interface (UI) 136 is provided for user control. If the user communications 

device 104 is, say, a smart phone or tablet device, the user interface 136 may have a 30 
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touch panel display as is prevalent in many smart phone and other handheld devices. 

Alternatively, if the user communications device 104 is, say, a desktop or laptop 

computer, the user interface may have, for example, one or more computing 

peripheral devices such as display monitors, computer keyboards and the like. User 

communications device 104 may also include satnav components 137, which allow 5 

user communications device 104 to conduct a measurement or at least approximate 

the geolocation of user communications device 104 by receiving, for example, timing 

signals from global navigation satellite system (GNSS) satellites through GNSS 

network using communications channels, as is known. 

 10 

The user communications device 106 may be, for example, a smart phone or tablet 

device with the same or a similar hardware architecture to that of the user 

communications device 104. User communications device 106, has, amongst other 

things, user interface 136a in the form of a touchscreen display and satnav 

components 138. User communications device 106 may be able to communicate 15 

with cellular network base stations through cellular telecommunications network 

using communications channels. User communications device 106 may be able to 

approximate its geolocation by receiving timing signals from the cellular network 

base stations through cellular telecommunications network as is known. Of course, 

user communications device 104 may also be able to approximate its geolocation by 20 

receiving timing signals from the cellular network base stations and user 

communications device 106 may be able to approximate its geolocation by receiving 

timing signals from the GNSS satellites, but these arrangements are omitted from 

Figure 1 for the sake of simplicity. 

 25 

FIG. 2A shows a schematic block diagram illustrating a processing apparatus 202 for 

generating route navigation data. 

 

The processing apparatus 202 includes a processor 216 and a memory 218, where 

the processing apparatus 202 is configured, under control of the processor 216 to 30 
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execute instructions in the memory 218 to, generate training data based on road 

network data corresponding to a network of roads in a defined geographical area, 

and journey data sets, each journey data set having data indicative of a journey by a 

road user through the network of roads and being derived using geolocation 

transmissions from a communications device of the road user, train a classifier 5 

model based on the training data, apply the trained classifier model on road data 

corresponding to a road in the defined geographical area, for the trained classifier 

model to predict a direction of traffic flow on the road, and generate the route 

navigation data indicative of the predicted direction of the traffic flow on the road. 

The processor 216 and the memory 218 may be coupled to each other (as 10 

represented by the line 217), e.g., physically coupled and/or electrically coupled. 

 

In other words, there may be provided a processing apparatus 202 for generating 

route navigation data, for example, for classifying (or to classify) a road. The 

processing apparatus 202 may generate training data (or training data set) based on 15 

road network data corresponding to a network of roads in a defined geographical 

area, and also based on journey data sets. For each journey data set, the journey 

data set has data indicative of a journey made or undertaken by a road user through 

the network of roads and being derived using geolocation transmissions from a 

communications device of the road user (during the journey). 20 

 

The processing apparatus 202 may train a classifier model (or prediction model) 

(e.g., having machine learning algorithm) based on (or using) the training data 

generated. The classifier model is a machine learning (ML) model. The classifier (or 

classification) model may be a binary classifier, e.g., a Gradient boosted tree based 25 

binary classifier. The classifier model may be provided or stored in the processing 

apparatus 202, e.g., in the memory 218, or the classifier model may be stored or 

provided in another location and may be received by or accessible to the processing 

apparatus 202. 

 30 
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The processing apparatus 202 may apply the classifier model (or prediction model) 

that has been trained on road data corresponding to a road in the defined 

geographical area, for the trained classifier model (or trained prediction model) to 

predict (or determine or classify) a direction of traffic flow on the road. In other 

words, the road data may be inputted to the trained classifier model for the trained 5 

classifier model to output a prediction on the direction of the traffic flow on the 

road. The road whose direction of traffic flow is to be determined may be part of the 

network of roads in the defined geographical area. 

 

In the context of various embodiments, the road data may include the same type of 10 

data included in or forming part of the training data. 

 

The processing apparatus 202 may then generate the route navigation data 

indicative of the predicted direction of the traffic flow (or direction of travel, DoT). In 

this way, the processing apparatus 202 may classify the road according to the 15 

generated route navigation data, or the predicted direction of the traffic flow or DoT. 

 

In the context of various embodiments, a road may have or may be made up of one 

or more road segments, and at least two nodes. Each road may have a (unique) road 

ID. A road segment may be defined between two nodes of the road. Each node of 20 

the road may be assigned a (unique) node identifier (ID). 

 

In the context of various embodiments, each journey data set may include data 

related to or corresponding to the journey taken by a road user, which may, for 

example, be undertaken using a vehicle. The journey may include travelling through 25 

the network of roads. Each journey data set may include data of at least one of 

position or location data corresponding to the road user during or along the journey 

(e.g., in terms of spatial coordinates, such as latitude and longitude), orientation 

relative to a reference (e.g., north), speed of travel (e.g., vehicle speed), timestamp, 
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ID of the origin of the geolocation transmissions (e.g., communications device ID, 

vehicle ID, etc.), road ID, node ID, etc. 

 

In the context of various embodiments, the geolocation transmissions from a 

communications device may include data of at least one of an identifier (or ID) of the 5 

origin of the geolocation transmissions (e.g., communications device ID, vehicle ID, 

etc.), position or location data corresponding to the road user during or along the 

journey (e.g., in terms of spatial coordinates, such as latitude and longitude, 

e.g., associated with roads), orientation relative to a reference (e.g., north), speed of 

travel (e.g., vehicle speed), timestamp, etc. 10 

 

In the context of various embodiments, the geolocation transmissions may be 

provided from the communications device at intervals (during the journey). The 

geolocation transmissions may include position or location data corresponding to 

the road user during or along the journey. The geolocation transmissions may 15 

include data derived from a global navigation satellite system (GNSS), e.g., global 

positioning system (GPS). The geolocation transmissions, for example, may be or 

may include (raw) GPS data or GPS pings. 

 

The geolocation transmissions from the communications device of a road user may 20 

be distinct from the geolocation transmissions from the communications device of 

another road user, for example, identifiable based on the ID of the communications 

device. Hence, based on such distinct geolocation transmissions, the count or 

number of road users travelling through the network of roads may be determined or 

computed. 25 

 

The geolocation transmissions from the communications devices of road users may 

be transmissions that occurred over a defined time period, for example, one month. 
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In the context of various embodiments, the geolocation transmissions may be 

provided via any suitable communications networks, for example, via wifi, (mobile) 

cellular communications network, etc. 

 

In the context of various embodiments, the geolocation transmissions may be 5 

(transmitted) to the processing apparatus 202. 

 

In the context of various embodiments, the geolocation transmissions may be 

(transmitted) from a communications device that includes, but not limited to, a 

smart phone, tablet, handheld/portable communications device, location tracking 10 

device, navigation device (including an in-vehicle navigation device), etc. 

 

In the context of various embodiments, the geolocation transmissions may be 

generated from apps (e.g., ride-hailing apps) resident on road users’ mobile phones. 

The geolocation transmissions may be transmitted (e.g., periodically) by the users’ 15 

mobile phone apps as the users undertake the corresponding journeys, for example, 

to the processing apparatus 202 or a server. 

 

In the context of various embodiments, the defined geographical area may be or 

may include, for example, a town, a city, a state, a prefecture, a region, or a country. 20 

 

In various embodiments, for predicting the direction of the traffic flow on the road, 

the processing apparatus 202 may, using the trained classifier model, predict 

whether the traffic flow is uni-directional (i.e., one-way) or bi-directional (i.e., two-

way). 25 

 

The processing apparatus 202 may transmit or communicate the route navigation 

data to another (communications) device. 
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The processing apparatus 202 may store the route navigation data, e.g., in the 

memory 218 or in an external memory. 

 

In the context of various embodiments, data that are generated by the processing 

apparatus 202 may be generated in (or for) one or more data records. The one or 5 

more data records may include one or more data fields for the corresponding data. 

As a non-limiting example, the one or more data fields may include one or more 

route navigation data fields and the processing apparatus 202 may generate, for or 

in the one or more route navigation fields, the route navigation data. 

 10 

The one or more data records may be associated with or accessible by the 

processing apparatus 202. The one or more data records may be generated by the 

processing apparatus 202. The one or more data records may be modified or 

updated by the processing apparatus 202. The one or more data records may be 

stored at the processing apparatus 202, e.g., in the memory 218. 15 

 

The road network data may be stored in the processing apparatus 202, e.g., in the 

memory 218, or the road network data may be stored in another location and may 

be received by or accessible to the processing apparatus 202. 

 20 

In the context of various embodiments, the road network data may include, but not 

limited to, data or information on at least one of a plurality of roads within the 

network, one or more road segments of each road, one or more nodes of each road, 

relationship between the roads (e.g., including any connection therebetween), 

geometrical layout of the network, direction of traffic on respective roads 25 

(e.g., including whether the roads may be roads for one way traffic or bi-directional 

traffic), intersection nodes, traffic light arrangements, road classification 

(e.g., whether the roads are major or minor roads, residential roads, highways, etc.), 

dimensions of the roads (e.g., lengths, widths), names of the roads, data or 
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information (e.g., names, addresses, etc.) on one or more points-of-interest (POIs) 

within the network, etc. 

 

In the context of various embodiments, the road data may be stored in the 

processing apparatus 202, e.g., in the memory 218, or the road data may be stored 5 

in another location and may be received by or accessible to the processing 

apparatus 202. 

 

For generating the training data, the processing apparatus may generate (or derive) 

road data sets from the road network data and the journey data sets, and, wherein, 10 

for each road data set, the road data set may include data associated with a 

respective road in the network of roads. 

 

For each respective road, the road data set (or the data associated with the 

respective road) may include count data indicative of a count (or number) of the 15 

geolocation transmissions associated with the respective road, and entropy data 

indicative of an entropy in a direction of traffic flow on the respective road, wherein 

the count and the entropy may be derived from the journey data sets. The entropy 

refers to Shannon's entropy (for defining or quantifying the uncertainty in the 

direction of traffic flow along a road). 20 

 

For each respective road, the road data set (or the data associated with the 

respective road) may include length data indicative of a length of the respective 

road, first road count data indicative of a first road count (or number) of incoming 

roads associated with nodes constituting the respective road, second road count 25 

data indicative of a second road count (or number) of outgoing roads associated with 

the nodes, percentage data indicative of a percentage of the incoming roads and the 

outgoing roads being roads for uni-directional traffic flow (i.e., one-way road), and 

probability data indicative of a probability of the respective road being a road for 

uni-directional traffic flow (i.e., one-way road) according to a road type of the 30 
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respective road, wherein the length, the first road count, the second road count, the 

percentage, and the probability may be derived from the road network data. 

 

The processing apparatus 202 may process the road network data to identify 

incoming roads and outgoing roads intersecting with the respective road. The 5 

processing apparatus 202 may process the road network data to identify the nodes 

constituting the respective road. An incoming road is for incoming traffic leading to a 

node constituting the respective road. It should be appreciated that the incoming 

road may intersect the respective road. An outgoing road is for outgoing traffic 

leading away from a node constituting the respective road. It should be appreciated 10 

that the outgoing road may intersect the respective road. 

 

The processing apparatus 202 may, for applying the trained classifier model on the 

road data, apply the trained classifier model on the road data to generate prediction 

data indicative of a predicted probability of the road being for uni-directional traffic 15 

flow or bi-directional traffic flow for predicting the direction of traffic flow on the 

road. 

 

For example, the processing apparatus 202 may generate at least one of a first 

prediction data indicative of a first predicted probability (e.g., pred_prob_oneway or 20 

pred_prob_uni or the like) of the road being for uni-directional traffic flow or a 

second prediction data indicative of a second predicted probability (e.g., 

pred_prob_twoway or pred_prob_bi or the like) of the road being for bi-directional 

traffic flow. As a non-limiting example, if the first predicted probability exceeds a 

defined threshold value (e.g., 0.5), the road may be predicted to be for uni-25 

directional traffic flow. 

 

The processing apparatus 202 may further, in response to a request from a user to 

access data associated with the road in the defined geographical area, communicate 
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the route navigation data to a (communications) device of the user for 

communicating the predicted direction of the traffic flow on the road to the user. 

 

The processing apparatus 202 may further process the route navigation data to 

generate at least one of visual information or audio information for communicating 5 

the predicted direction of the traffic flow on the road to the user. The visual 

information may, for example, include an arrow pointing in the direction of traffic 

flow. The arrow may be superimposed onto the road for indicating the direction of 

traffic flow on the road. As non-limiting examples, a single arrow may be provided 

for uni-directional traffic flow, while a pair of arrows pointing in opposite directions 10 

may be provided for bi-directional traffic flow. 

 

The processing apparatus 202 may further process the route navigation data and 

data indicative of a digital map representative of the defined geographical area for 

displaying the digital map with information corresponding to the predicted direction 15 

of the traffic flow on the road. The data indicative of the digital map may be stored 

in the processing apparatus 202, e.g., in the memory 218, or the data indicative of 

the digital map may be stored in another location and may be received by or 

accessible to the processing apparatus 202. 

 20 

The (communications) device through which at least one of the route navigation 

data, visual and/or audio information, or digital map with information corresponding 

to the predicted direction of the traffic flow on the road may be provided or 

displayed to a user may include, but not limited to, a smart phone, tablet, 

handheld/portable communications device, desktop or laptop computer, terminal 25 

computer, navigation device (including an in-vehicle navigation device), etc. 

 

FIG. 2B shows a schematic block diagram illustrating architecture components of the 

processing apparatus 202. That is, the processing apparatus 202 may further include 

a data generating module 260, a training module 261, and an application 30 



 

16 
 

module 262. The data generating module 260 may generate the training data and/or 

the route navigation data. The training module 261 may train the classifier module. 

The application module 262 may apply the trained classifier model on the road data. 

 

In the context of various embodiments, the processing apparatus 202 may be or may 5 

include a communications server apparatus, and may, for example, be as described 

in the context of the server device 102 (FIG. 1). The processor 216 may be as 

described in the context of the processor 116 (FIG. 1) and/or the memory 218 may 

be as described in the context of the memory 118 (FIG. 1). 

 10 

In the context of various embodiments, the processing apparatus 202 may be a 

single server, or have the functionality performed by the processing apparatus 202 

distributed across multiple apparatus components. 

 

In the context of various embodiments, the processing apparatus 202 may be or may 15 

include a (communications) device of a (road) user. 

 

FIG. 2C shows a flow chart 250 illustrating a method for generating route navigation 

data. The method may be a computer-implemented method. 

 20 

At 252, training data is generated based on road network data corresponding to a 

network of roads in a defined geographical area, and journey data sets, each journey 

data set having data indicative of a journey by a road user through the network of 

roads and being derived using geolocation transmissions from a communications 

device of the road user. 25 

 

At 253, a classifier model is trained based on or using the training data. 
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At 254, the trained classifier model is applied on road data corresponding to a road 

in the defined geographical area, for the trained classifier model to predict a 

direction of traffic flow on the road. 

 

At 255, the route navigation data indicative of the predicted direction of the traffic 5 

flow on the road is generated. 

 

In various embodiments, at 252, road data sets may be generated from the road 

network data and the journey data sets, and, wherein, for each road data set, the 

road data set may include data associated with a respective road in the network of 10 

roads. 

 

For each respective road, the road data set (or the data associated with the 

respective road) may include count data indicative of a count of the geolocation 

transmissions associated with the respective road, and entropy data indicative of an 15 

entropy in a direction of traffic flow on the respective road, wherein the count and 

the entropy may be derived from the journey data sets. 

 

For each respective road, the road data set (or the data associated with the 

respective road) may include length data indicative of a length of the respective 20 

road, first road count data indicative of a first road count of incoming roads 

associated with nodes constituting the respective road, second road count data 

indicative of a second road count of outgoing roads associated with the nodes, 

percentage data indicative of a percentage of the incoming roads and the outgoing 

roads being roads for uni-directional traffic flow, and probability data indicative of a 25 

probability of the respective road being a road for uni-directional traffic flow 

according to a road type of the respective road, wherein the length, the first road 

count, the second road count, the percentage, and the probability may be derived 

from the road network data. 

 30 
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In various embodiments, at 254, the method may include applying the trained 

classifier model on the road data to generate prediction data indicative of a 

predicted probability of the road being for uni-directional traffic flow or bi-

directional traffic flow for predicting the direction of traffic flow on the road. 

 5 

The method may further include, in response to a request from a user to access data 

associated with the road in the defined geographical area, communicating the route 

navigation data to a device of the user for communicating the predicted direction of 

the traffic flow on the road to the user. 

 10 

The method may further include processing the route navigation data to generate at 

least one of visual information or audio information for communicating the 

predicted direction of the traffic flow on the road to the user. 

 

The method may further include processing the route navigation data and data 15 

indicative of a digital map representative of the defined geographical area for 

displaying the digital map with information corresponding to the predicted direction 

of the traffic flow on the road. 

 

The method as described in the context of the flow chart 250 may be performed in a 20 

processing apparatus (e.g., 202; FIG. 2A) for generating route navigation data, under 

control of a processor of the apparatus. 

 

It should be appreciated that descriptions in the context of the processing 

apparatus 202 may correspondingly be applicable in relation to the method as 25 

described in the context of the flow chart 250, and vice versa. 

 

There may also be provided a computer program product having instructions for 

implementing the method for generating route navigation data as described herein. 

 30 
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There may also be provided a computer program having instructions for 

implementing the method for generating route navigation data as described herein. 

 

There may further be provided a non-transitory storage medium storing instructions, 

which, when executed by a processor, cause the processor to perform the method 5 

for generating route navigation data as described herein. 

 

Various embodiments may determine the direction of travel (DoT) on a road, using 

information from GPS data and the road network graph. It should be appreciated 

that GPS data is a non-limiting example, and that any suitable global navigation 10 

satellite system (GNSS) data may be used in the techniques disclosed herein. 

 

The techniques disclosed herein may process raw GPS data (GPS ping) obtained from 

or associated with vehicles to obtain certain information (including travelling 

directions of the vehicles) to localise the position of the vehicles onto a road on a 15 

digital road network. The processed GPS data (snapped GPS ping) may include data 

corresponding to nodes on the road. 

 

For each road having at least a certain number of snapped GPS pings (e.g.,  30) over 

a defined time period (e.g., past one month), the techniques may derive, 20 

 

(i) from snapped driver trajectories (which is a timestamp order sequence of 

snapped GPS pings for a particular vehicle for a trip from the vehicle’s origin to 

destination), 

 the number of snapped GPS pings, and 25 

 entropy in driving direction. 

The number of snapped GPS pings in one direction from, say, node 1 to 

node 2, and the number of snapped GPS pings in the reverse direction from 

node 2 to node 1 may be used to determine the entropy (e.g., Shannon’s 

entropy); 30 
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and 

(ii) from the road network graph, 

 length of the road (for example, length of “Road X”), 

 number of incoming and outgoing roads (e.g., total number of incoming 

roads and the total number of outgoing roads for all nodes that constitute or 5 

are associated with “Road X”, without counting “Road X” itself), 

 percentage of the incoming and outgoing roads being one-way, and 

 prior probability of road being one-way based on its road type (e.g., 

motorway, primary road, residential, pedestrian, etc. based on the 

“OpenStreetMap” definition of road types). The prior probability for each 10 

road type is dependent on the specific city and may be obtained from the 

existing road network graph for the city being examined for classification of 

DoT. 

 

Information derived from (i) and (ii) above may then be fed to a machine learning 15 

model (e.g., binary classifier), which may subsequently be used to predict whether a 

road is a one-way road or a bi-directional road. A predicted probability value may be 

determined for a particular road. 

 

For example, if the value corresponding to the predicted probability for one way 20 

(“pred_prob_oneway”) for a specific road is above a threshold value, said road is 

classified as a one-way road; otherwise, it is classified as a bi-directional road. 

 

Various embodiments or techniques will now be further described in detail. 

 25 

Generally, a road network may be represented as a directed graph G(V, E), where V 

refers to a set of nodes and E refers to a set of directed edges connecting the nodes. 

Two nodes may be linked by an “edge”, referring to a road segment or a road, 

depending on the context. Multiple road segments may make up a road. A node may 

be associated with one or more incoming edges leading to the node, and/or one or 30 
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more outgoing edges leading away from the node. The network graph structure may 

enable identification of the roads connected to each node, including incoming 

road(s) to the node and outgoing road(s) from the node, and the number thereof. 

 

A road on a road network graph may have 2 or more nodes. If a road has “n” nodes, 5 

the road may have “n-1” edges or segments. Each road has a road ID, and each node 

has a node ID. Each segment is generally a straight line segment. The curvature of a 

road, thus, may be given by multiple line segments (or road segments). 

 

FIG. 3 shows an example of a section of a road network graph. Using the road 360, 10 

with its boundaries indicated with the two dashed lines, as a non-limiting example, 

the road 360 may have an identifier or ID (i.e., road ID), e.g., 22718052. While not 

clearly shown in FIG. 3, road 360 has 11 road segments and 12 nodes. In FIG. 3, 

nodes are represented by the arrow heads while road segments are defined by the 

lines between respective two adjacent nodes. Each node may have its own identifier 15 

or ID (i.e., node ID), e.g., 133745557, 6076301329, 6076301328, etc. 

 

Referring to FIG. 3, roads with cross marks (“”) represent bi-directional roads with 

two-way traffic, while roads with arrows (e.g., road 360) represent one-way roads. 

 20 

Further, the graph structure, similar to that shown in FIG. 3, may allow identification 

of the number of incoming and outgoing edges, i.e., roads at every node in the road 

network graph. 

 

The techniques disclosed herein may make use of GPS data. A GPS ping (raw GPS 25 

data) of a vehicle may be defined by a tuple given by (vehicle_id, latitude, longitude, 

vehicle_bearing, speed, timestamp, accuracy). The various parameters may be 

defined as follows: 

 vehicle_id is a unique ID for each and every vehicle; 



 

22 
 

 latitude and longitude represent the location of the vehicle at a given 

timestamp; 

 bearing indicates the orientation of the vehicle to true north; 

 accuracy is defined as the radius of 68% confidence. If a circle is drawn 

centered at the latitude and longitude, and with a radius equal to the 5 

accuracy, then, there is a 68% probability that the true location is inside the 

circle. 

 

Using an algorithmic procedure called “map-matching” (also referred to as “snap-to-

road”), the position of the vehicle may be localised onto a digital road network, i.e., 10 

the road (e.g., in terms of the road ID) the vehicle is driven on. Map matching may 

remove GPS noise to infer the exact position (relatively) of the vehicle on the road 

network. 

 

Thus a map matched or snapped GPS ping (or processed GPS data) may be a tuple of 15 

the form (vehicle_id, speed, timestamp, road_id, start_node, end_node, accuracy). 

The parameters start_node and end_node indicate two successive nodes, i.e., in the 

node ID sequence constituting the road. This may mean that a valid start_node, 

end_node pair may represent two adjacent nodes, with a road segment defined 

therebetween. 20 

 

The techniques disclosed herein may also make use of a vehicle’s trajectory, which 

represents a timestamp order sequence of pings or snapped driver pings for a 

particular vehicle ID for a trip from the vehicle’s origin to destination. 

 25 

In various embodiments, the roads in the road network graph may be tagged based 

on their importance with regards to the network as a whole. Different road types 

may be used in the techniques disclosed herein, which, for example, may follow the 

OpenStreetMap definition of road types 

(https://wiki.openstreetmap.org/wiki/Key:highway#Values). 30 
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Techniques disclosed herein may enable verification and validation of direction of 

travel (DoT) on roads by leveraging driver trajectories and ML models. Further, 

techniques disclosed herein may provide for rule based modelling of traffic. A 

methodology may be provided to identify nodes and the corresponding incoming 5 

and outgoing roads. Such information can also be leveraged by travel time 

estimation models as well as being relevant (and potentially crucial) for navigation 

purposes. 

 

Techniques disclosed herein may enable validation and correction of DoT. As a non-10 

limiting example, the techniques disclosed herein may automatically detect and 

validate (and correct if necessary) the direction of travel, e.g., classify a given road 

segment in the map as one-way or bidirectional. Classification of DoT is required for 

navigation, since a wrongly tagged DoT on roads, however minor, may result in poor 

user experience and, even worse, undesirable incidents such as accidents. 15 

 

The techniques disclosed herein may employ machine learning (ML) for determining 

the direction of travel and/or classifying a road as one-way or bidirectional travel. 

One challenge in implementing an ML model (e.g., a binary classifier) to classify a 

road as either one-way or bidirectional may be the lack or absence of ground truth 20 

labels. To address this challenge, a defined region, e.g., a particular city, may be 

chosen as the ground truth. As a non-limiting example, Singapore may be chosen as 

a reasonable ground truth to train an ML model, as there is an advanced and 

accurate map infrastructure, where, generally, a large percentage (e.g., >99%) of 

roads have correct classification in terms of DoT. 25 

 

A number of parameters or features may be suitably chosen before and for training 

an ML model (e.g., a DoT classifier) which can scale for multiple or various cities. 

Some of these features used for the model may include, but not limited, to the 

features shown in Table 1 below. 30 
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Table 1: Features for DoT classification 

 

 

The features listed in Table 1 may be determined or obtained based on GPS pings 5 

and road network data. The first two features, namely the number of pings and 

entropy, may be determined or calculated from GPS probe data obtained from, for 

example, transport-related services. The remaining features may be determined 

based on the corresponding road network graph. 

 10 

The prior probability based on road type as a feature may vary based on the city and 

country this is used for. For example, see Table 2 showing the difference in the 

distribution of one way roads for "residential" and "primary" roads (based on the 

OpenStreetMap definition) in Jakarta and Singapore. Further, available DoT 

classification on road segments may be accurate to the tune of 95% and more. 15 

Hence, this is information that can already be used to increase the accuracy of the 

DoT classification model in various embodiments. It should be appreciated that any 
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ML model considering the road type as a feature (for example, based on Singapore) 

may have poor accuracy when used for predicting or classifying roads for other cities 

(e.g., Jakarta). Such a model having a feature based on road type may face 

challenges to be scaled for various cities. 

 5 

Table 2: Example of distribution of one way roads in Singapore and Jakarta 

 

 

The purpose or function of the DoT classifier disclosed herein may include at least 

one of determining classification of roads (for example, in terms of one-way or 10 

bidirectional roads), or verifying, validating or correcting the existing classification of 

one-way and bidirectional roads, in a network of roads or a road network graph. 

Snapped (driver) GPS pings or processed GPS data may be used for this purpose. 

 

FIG. 4 shows a flow chart 470 for direction of travel (DoT) classification, illustrating 15 

the DoT classification for a defined city using snapped driver pings (e.g., snapped GPS 

pings) that may be derived from driver pings (e.g., GPS pings) that contain raw data. 

 

At 471, the driver pings for all vehicles over all trips for a defined city over a defined 

time period (e.g., one month) may be extracted or obtained. A series of driver pings 20 

associated with a vehicle may define a driver trajectory for the vehicle. Each ping 

may be defined by a tuple given by (vehicle_id, latitude, longitude, vehicle_bearing, 

speed, timestamp, accuracy). 
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At 472, a “snap-to-road” algorithm may be used to generate or derive, from the 

extracted driver pings, snapped driver pings (or processed pings). A series of 

snapped pings associated with a vehicle may define a snapped driver trajectory for 

the vehicle. Each snapped ping may be defined by a tuple given by (vehicle_id, speed, 

timestamp, road_id, start_node, end_node, accuracy). Effectively, the algorithm may 5 

map or localise the position of the vehicle onto a (digital) road network, where roads 

may be identified in terms of their corresponding road IDs. 

 

At 473, the snapped driver pings may be filtered. Snapped pings with an accuracy 

that is, for example, more than 10 meters, and/or snapped pings that indicate that 10 

the associated vehicles are stationary (i.e., speed =0) may be filtered and removed. 

 

Subsequently, for each road with a defined number of snapped pings (e.g., at least 

30 snapped driver pings) over a defined time period (e.g., one month), one or more 

of the following features (or data thereof) may be determined for determining DoT 15 

(or for DoT classification) for a road, for example, in a DoT prediction model. The 

snapped pings may be associated with the same driver or a plurality of (different) 

drivers. 

 

(1)(a) Number of driver pings, meaning the sum of the number of pings associated 20 

with one or more drivers; 

(1)(b) Entropy in driving direction; 

(2)(a) Length of the road (for example, length of “Road X”); 

(2)(b) Number of incoming and outgoing roads (e.g., total number of incoming roads 

and the total number of outgoing roads for all nodes that are associated with “Road 25 

X”, without counting “Road X” itself); 

(2)(c) Percentage of the incoming and outgoing roads being one-way; 

(2)(d) Prior probability of road being one-way based on its road type (e.g., motorway, 

primary road, residential, pedestrian, etc. based on the “OpenStreetMap” definition 
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of road types). The prior probability for each road type is dependent on the specific 

city and may be obtained from the existing road network graph for the city. 

 

Features (1)(a) and (1)(b) may be determined from snapped driver trajectories or 

snapped driver pings, while features (2)(a), (2)(b), (2)(c) and (2)(d) may be 5 

determined from the road network graph. 

 

Features (1)(a), (1)(b), (2)(a), (2)(b), (2)(c) and (2)(d) may correspond to or may be 

associated with the defined geographical area for which the DoT for one or more 

roads in the defined geographical area is to be determined. For example, for 10 

determining the DoT of a road in “City A” using a classifier or prediction model, the 

model is trained using features (1)(a), (1)(b), (2)(a), (2)(b), (2)(c) and (2)(d) obtained 

for or related to “City A”. 

 

At 474, data corresponding to one or more (or all) of the features (1)(a), (1)(b), (2)(a), 15 

(2)(b), (2)(c) and (2)(d) may be provided to a ML model or binary classifier (e.g., 

Gradient boosted tree based binary classifier) for DoT classification. The model or 

classifier may be trained using a particular city (e.g., Singapore) as the ground truth. 

 

At 475, prediction may be carried out for a road to determine whether the road is a 20 

one-way road (i.e., for unidirectional traffic) or bi-directional (i.e., two-way traffic). 

The trained model or classifier may be used to carry out the determination. In 

greater detail, road data for the road whose DoT is to be determined may be 

inputted to the trained model for the trained model to predict the DoT. The road 

data may include data corresponding to one or more (or all) of the features (1)(a), 25 

(1)(b), (2)(a), (2)(b), (2)(c) and (2)(d) described above. 

 

The parameter “entropy” described herein refers to the Shannon’s entropy, S, which 

may be as defined below: 

 30 
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  Equation (1), 

where Pi refers to the probability of an i-th event. 

 

As described herein, the entropy in driving direction is a feature for determining 

DoT, and is a feature for an ML model. 5 

 

As a non-limiting example, consider an illustrative road ID 101 with 3 nodes (2 road 

segments) [1, 2, 3]. If the snapped driver trajectories indicate the (start_node, 

end_node) pair as either (1,2) or (2,3), the direction of travel may be tagged as dir1. 

Likewise, if the snapped driver trajectories indicate the (start_node, end_node) pair 10 

as either (2,1) or (3,2), i.e., in the reverse direction, the direction of travel may be 

tagged as dir2. The probability over the direction of travel (either dir1 or dir2) may 

be a binomial probability distribution over the direction of travel (either dir1 or dir2), 

which can be used for computing the entropy over driver directions. For the 

illustrative road ID 101, assuming, as a non-limiting example, that there are 1000 15 

snapped driver pings associated with the road ID 101, where 800 are snapped to dir1 

(i.e., probability 0.8) and 200 are snapped to dir2 (i.e., probability 0.2), the entropy 

may be computed as -(0.8*ln(0.8)+0.2*ln(0.2)) = 0.5. 

 

For prior probabilities of one-way for the different road types, these may be 20 

obtained or determined from the existing road network graph for a city where an 

approach is taken to verify, validate and correct the classification of roads in the city 

as one-way or bi-directional. 

 

As a non-limiting example, the current version of the road network graph for the city 25 

of Bandung in Indonesia provides the distribution of one-way roads across different 

road types as shown in Table 3. 
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Table 3: Prior probability of a road type being one-way in the existing road network 

graph for Bandung, Indonesia 

 

 

Based on Table 3 above, there are no living streets (as per the existing road network 5 

graph data) in Bandung which are one-way (i.e., prob_oneway = 0.00). For the road 

type, motorway roads, there are no roads which are bi-directional (i.e., prob_oneway 

= 1.00), meaning that all motorway roads are one-way roads. As another example, 

for primary roads, 34.9% of the roads are one-way in the existing road network 

graph for in Bandung. 10 
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Input features to the machine learning (ML) model of various embodiments and non-

limiting examples thereof may be as shown in Table 4, while the output of the ML 

model and non-limiting examples thereof may be as shown in Table 5. 

 

Table 4: Input features for the ML model for classifying DoT 5 

 

 

As can be observed, road-id is not an input feature. 

 

The ML model may be trained based on the input features, such as those shown in 10 

Table 4. The trained ML model may then be used to predict or determine whether a 

road is a one-way road or a bi-directional road, such as those shown in Table 5. 

 

Table 5: Prediction probabilities of whether a road-id is bi-directional or not. 

 15 

 

It should be appreciated that “way-id” and “road-id” may be used interchangeably. 

Further, it should be noted that the prediction order shown in Table 5 does not 

match the feature order in Table 4. 

 20 
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In Table 5, “pred_prob_bi” represents the predicted probability of the road being a 

bi-directional road, while “pred_prob_oneway” represents the predicted probability 

of the road being a one-way road. Given the high values in terms of their 

corresponding “pred_prob_bi”, all the roads shown in Table 5 are predicted to be bi-

directional roads. In various embodiments, as a non-limiting example, a road may be 5 

classified as one-way if “pred_prob_oneway” is greater than 0.5, else the road is 

classified as bi-directional. In other words, for example, by thresholding on 

“pred_prob_oneway”, a road may be classified, for instance, as one-way if 

“pred_prob_oneway” > 0.5. 

 10 

FIG. 5 shows a plot of the feature importance of the input features, illustrating the 

relative importance (ranking) of the features (from Table 4) for classifying the DoT of 

a road. FIG. 5 may define the relative feature importance of the one way classifier 

model of various embodiments. The (relative) feature importance, as generally used 

in machine learning, indicate how important each feature is compared to the others. 15 

The results in FIG. 5 have been calculated using the trained ML model. 

 

As a non-limiting example, evaluation of the results of the DoT model for Jakarta 

reveals an accuracy of 99.6 % in terms of DoT classification. 

 20 

It will be appreciated that the invention has been described by way of example only. 

Various modifications may be made to the techniques described herein without 

departing from the spirit and scope of the appended claims. The disclosed 

techniques comprise techniques which may be provided in a stand-alone manner, or 

in combination with one another. Therefore, features described with respect to one 25 

technique may also be presented in combination with another technique. 
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Claims 

 

1. A processing apparatus for generating route navigation data, comprising a 

processor and a memory, the apparatus being configured, under control of the 

processor to execute instructions in the memory to: 5 

 generate training data based on road network data corresponding to a 

network of roads in a defined geographical area, and journey data sets, each journey 

data set comprising data indicative of a journey by a road user through the network 

of roads and being derived using geolocation transmissions from a communications 

device of the road user; 10 

 train a classifier model based on the training data; 

 apply the trained classifier model on road data corresponding to a road in the 

defined geographical area, for the trained classifier model to predict a direction of 

traffic flow on the road; and 

 generate the route navigation data indicative of the predicted direction of 15 

the traffic flow on the road. 

 

2. The processing apparatus as claimed in claim 1, 

 wherein, for generating the training data, the processing apparatus is 

configured to generate road data sets from the road network data and the journey 20 

data sets, and 

 wherein, for each road data set, the road data set is associated with a 

respective road in the network of roads. 

 

3. The processing apparatus as claimed in claim 2, wherein, for each respective 25 

road, the road data set comprises: 

 count data indicative of a count of the geolocation transmissions associated 

with the respective road; and 

 entropy data indicative of an entropy in a direction of traffic flow on the 

respective road, 30 
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 wherein the count and the entropy are derived from the journey data sets. 

 

4. The processing apparatus as claimed in claim 2 or 3, wherein, for each 

respective road, the road data set comprises: 

 length data indicative of a length of the respective road; 5 

 first road count data indicative of a first road count of incoming roads 

associated with nodes constituting the respective road; 

 second road count data indicative of a second road count of outgoing roads 

associated with the nodes; 

 percentage data indicative of a percentage of the incoming roads and the 10 

outgoing roads being roads for uni-directional traffic flow; and 

 probability data indicative of a probability of the respective road being a road 

for uni-directional traffic flow according to a road type of the respective road, 

 wherein the length, the first road count, the second road count, the 

percentage, and the probability are derived from the road network data. 15 

 

5. The processing apparatus as claimed in any one of claims 1 to 4, wherein, for 

applying the trained classifier model on the road data, the processing apparatus is 

configured to apply the trained classifier model on the road data to generate 

prediction data indicative of a predicted probability of the road being for uni-20 

directional traffic flow or bi-directional traffic flow for predicting the direction of 

traffic flow on the road. 

 

6. The processing apparatus as claimed in any one of claims 1 to 5, further 

configured to, in response to a request from a user to access data associated with 25 

the road in the defined geographical area, communicate the route navigation data to 

a device of the user for communicating the predicted direction of the traffic flow on 

the road to the user. 
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7. The processing apparatus as claimed in any one of claims 1 to 6, further 

configured to process the route navigation data to generate at least one of visual 

information or audio information for communicating the predicted direction of the 

traffic flow on the road to the user. 

 5 

8. The processing apparatus as claimed in any one of claims 1 to 7, further 

configured to process the route navigation data and data indicative of a digital map 

representative of the defined geographical area for displaying the digital map with 

information corresponding to the predicted direction of the traffic flow on the road. 

 10 

9. A method for generating route navigation data, the method comprising: 

 generating training data based on road network data corresponding to a 

network of roads in a defined geographical area, and journey data sets, each journey 

data set comprising data indicative of a journey by a road user through the network 

of roads and being derived using geolocation transmissions from a communications 15 

device of the road user; 

 training a classifier model based on the training data; 

 applying the trained classifier model on road data corresponding to a road in 

the defined geographical area, for the trained classifier model to predict a direction 

of traffic flow on the road; and 20 

 generating the route navigation data indicative of the predicted direction of 

the traffic flow on the road. 

 

10. The method as claimed in claim 9, 

 wherein generating the training data comprises generating road data sets 25 

from the road network data and the journey data sets, and 

 wherein, for each road data set, the road data set is associated with a 

respective road in the network of roads. 
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11. The method as claimed in claim 10, wherein, for each respective road, the 

road data set comprises: 

 count data indicative of a count of the geolocation transmissions associated 

with the respective road; and 

 entropy data indicative of an entropy in a direction of traffic flow on the 5 

respective road, 

 wherein the count and the entropy are derived from the journey data sets. 

 

12. The method as claimed in claim 10 or 11, wherein, for each respective road, 

the road data set comprises: 10 

 length data indicative of a length of the respective road; 

 first road count data indicative of a first road count of incoming roads 

associated with nodes constituting the respective road; 

 second road count data indicative of a second road count of outgoing roads 

associated with the nodes; 15 

 percentage data indicative of a percentage of the incoming roads and the 

outgoing roads being roads for uni-directional traffic flow; and 

 probability data indicative of a probability of the respective road being a road 

for uni-directional traffic flow according to a road type of the respective road, 

 wherein the length, the first road count, the second road count, the 20 

percentage, and the probability are derived from the road network data. 

 

13. The method as claimed in any one of claims 9 to 12, wherein, for applying the 

trained classifier model on the road data, the processing apparatus is configured to 

apply the trained classifier model on the road data to generate prediction data 25 

indicative of a predicted probability of the road being for uni-directional traffic flow 

or bi-directional traffic flow for predicting the direction of traffic flow on the road. 

 

14. The method as claimed in any one of claims 9 to 13, further configured to, in 

response to a request from a user to access data associated with the road in the 30 
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defined geographical area, communicate the route navigation data to a device of the 

user for communicating the predicted direction of the traffic flow on the road to the 

user. 

 

15. The method as claimed in any one of claims 9 to 14, further configured to 5 

process the route navigation data to generate at least one of visual information or 

audio information for communicating the predicted direction of the traffic flow on 

the road to the user. 

 

16. The method as claimed in any one of claims 9 to 15, further configured to 10 

process the route navigation data and data indicative of a digital map representative 

of the defined geographical area for displaying the digital map with information 

corresponding to the predicted direction of the traffic flow on the road. 

 

17. A computer program or a computer program product comprising instructions 15 

for implementing the method as claimed in any one of claims 9 to 16. 

 

18. A non-transitory storage medium storing instructions, which when executed 

by a processor cause the processor to perform the method as claimed in any one of 

claims 9 to 16. 20 

  


