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METHOD FOR REAL-TIME POSITION ESTIMATE CORRECTION OF A 

MOVABLE OBJECT 

 

 

TECHNICAL FIELD 

[0001] Various aspects of this disclosure relate to methods for correcting position estimates 

of a movable object. 

 

BACKGROUND 

[0002] In the last years, location-based applications have become increasingly popular. This 

includes in particular applications for navigation of vehicles and may be provided by built-in 

navigation devices (i.e. onboard computers) as well as by smartphones which are placed inside 

a vehicle and set to vehicle navigation. The correct operation of these kinds of applications 

depends on the correct estimation of the geographical position of the respective movable object, 

e.g. the vehicle (or, equivalently, the smartphone placed inside the vehicle). Furthermore, due 

to the real-time nature of applications such as navigation, it should be possible to determine the 

geographical position in a timely manner (e.g. to be able to detect quickly which road the 

vehicle is currently in). The geographical position of a movable object in such scenarios is 

typically estimated using a satellite navigation system. However, since position estimates 

established using a satellite navigation system have limited accuracy, approaches for correcting 

position estimates of a movable object that provide high accuracy and are applicable in real-

time are desirable. 

 

SUMMARY 

[0003] Various embodiments concern a method for correcting position estimates of a 

movable object. 

[0004] According to various embodiments, the method includes establishing a hidden 

Markov model instance for a movable object and, for positioning times of a sequence of 

positioning times, receiving a position estimate from a positioning device of the movable object 

for a respective positioning time, determining a set of candidate path segments for the 

positioning time, determining likelihoods for the candidate path segments to correspond to the 

position estimate by application of the Viterbi algorithm to the HMM instance, expanding the 
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HMM instance by the determined likelihoods for the candidate path segments for the 

positioning time and determining a corrected position estimate from a candidate path segment 

of the set of candidate path segments with the highest likelihood. 

[0005] According to one embodiment, the method further includes transmitting the 

corrected position estimate to the positioning device. According to one embodiment, the 

method further includes transmitting the corrected position estimate to the observer device.  

[0006] According to one embodiment, expanding the HMM instance includes adding the 

positioning time with the set of candidate path segments as possible values for the positioning 

time to the HMM and associating the candidate path segments with the determined likelihoods. 

[0007] According to one embodiment, the application of the Viterbi algorithm to the hidden 

Markov model (HMM) instance includes an incremental application of the Viterbi algorithm 

from the positioning time in the sequence of positioning times preceding the positioning time 

to the positioning time (i.e. from the preceding positioning time to the current positioning time). 

[0008] According to one embodiment, the application of the Viterbi algorithm to the HMM 

instance includes determining, for each candidate path segments of the set of candidate path 

segments, an emission probability that the candidate path segment produces the position 

estimate, determining transition probabilities between candidate path segments of the last 

positioning time added to the HMM instance and the candidate path segments of the positioning 

time and determining the likelihoods from the emission probabilities, the transition 

probabilities and the likelihoods of the candidate path segments of the last positioning time 

added to the HMM instance according to the Viterbi algorithm. 

[0009] According to one embodiment, the method includes retrieving the hidden Markov 

model (HMM) instance for the movable object from a database and storing the expanded HMM 

instance in the database. 

[0010] According to one embodiment, the method includes receiving, for each positioning 

time of the sequence of positioning times, a position estimate, checking, in response to the 

reception of the position estimate, whether the position estimate fulfills a predetermined quality 

criterion and, if the position estimate does not fulfill the predetermined quality criterion, 

filtering out the position estimate. 

[0011] According to one embodiment, filtering out the position estimate includes omitting 

to perform the Viterbi algorithm for the positioning time and omitting to add the positioning 

time of the position estimate to the hidden Markov model instance. 
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[0012] According to one embodiment, the method includes providing the received position 

estimate as a corrected position estimate for a positioning time if the determination of a 

corrected position estimate using the Viterbi algorithm takes longer than a predetermined 

threshold. 

[0013] According to one embodiment, determining the corrected position estimate from the 

candidate path segment includes setting the corrected position estimate to a reference position 

predefined for the candidate path segment. 

[0014] According to one embodiment, the movable object is a vehicle. 

[0015] According to one embodiment, the position estimates are satellite navigation 

positioning system position estimates. 

[0016] According to one embodiment, the method includes receiving position estimates for 

multiple movable objects, maintaining a hidden Markov model instance for each movable 

object, and determining corrected position estimates for each movable object. 

[0017] According to one embodiment, the method includes trimming the HMM by 

removing states with the oldest positioning times if the length of the HMM has exceeded a 

predetermined maximum length. 

[0018] According to one embodiment, the method includes providing the corrected position 

estimate in real-time in response to the reception of the position estimate. 

[0019] According to various embodiments, a server computer including a radio interface, a 

memory interface, and a processing unit is provided which is configured to perform the method 

for correcting position estimates of a movable object. 

[0020] According to further embodiments, a computer program element and a computer-

readable medium are provided which include program instructions, which, when executed by 

one or more processors, cause the one or more processors to perform the method for correcting 

position estimates of a movable object. 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0021] The invention will be better understood with reference to the detailed description 

when considered in conjunction with the non-limiting examples and the accompanying 

drawings, in which:  

− FIG. 1 shows a positioning scenario. 
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− FIG. 2 illustrates snapping of GPS (Global Positioning System) measurements to a road 

network. 

− FIG. 3 shows an architecture of a system for correcting position estimates according to 

an embodiment. 

− FIG. 4 shows a flow diagram illustrating the processing of position estimates by the 

location service computation unit of the system of FIG. 3. 

− FIG. 5 shows a flow diagram illustrating the processing of a position estimate by the 

snap service computation unit of the system of FIG 3. 

− FIG. 6 illustrates a sequence of positions and corresponding lists of road segments. 

− FIG. 7 illustrates generation of a candidate encoding table according to an embodiment. 

− FIG. 8 illustrates generation of a hidden Markov model (HMM) encoding table 

according to an embodiment. 

− FIG. 9 illustrates back pointers between the road segment candidates for a sequence of 

(monotonically increasing) timestamps. 

− FIG. 10 shows a flow diagram illustrating a method for correcting position estimates of 

a movable object according to an embodiment. 

− FIG. 11 shows a server computer according to an embodiment. 

 

DETAILED DESCRIPTION 

[0022] The following detailed description refers to the accompanying drawings that show, 

by way of illustration, specific details and embodiments in which the disclosure may be 

practiced.  These embodiments are described in sufficient detail to enable those skilled in the 

art to practice the disclosure.  Other embodiments may be utilized and structural, and logical 

changes may be made without departing from the scope of the disclosure. The various 

embodiments are not necessarily mutually exclusive, as some embodiments can be combined 

with one or more other embodiments to form new embodiments.  

[0023] Embodiments described in the context of one of the devices or methods are 

analogously valid for the other enclosure devices or methods. Similarly, embodiments 

described in the context of a device are analogously valid for a method, and vice-versa. 

[0024] Features that are described in the context of an embodiment may correspondingly be 

applicable to the same or similar features in the other embodiments. Features that are described 
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in the context of an embodiment may correspondingly be applicable to the other embodiments, 

even if not explicitly described in these other embodiments. Furthermore, additions and/or 

combinations and/or alternatives as described for a feature in the context of an embodiment 

may correspondingly be applicable to the same or similar feature in the other embodiments. 

[0025] In the context of various embodiments, the articles “a”, “an” and “the” as used with 

regard to a feature or element include a reference to one or more of the features or elements. 

[0026] As used herein, the term “and/or” includes any and all combinations of one or more 

of the associated listed items. 

[0027] Typically, real-time positioning of movable objects, such as vehicles or pedestrians 

moving in the real-world is achieved with the use of Internet-connected computing devices that 

are equipped with a GPS (Global Positioning System) receiver. 

[0028] FIG. 1 shows a positioning scenario 100. 

[0029] A vehicle 101 is moving along a road 102 of a road network 107. The vehicle 101 

includes a computing device 103 (e.g. an on-board computer) which includes a GPS receiver 

104 receiving positioning signals from satellites 105. The computing device 103 is connected 

to a server computer 106 via a radio connection (e.g. via a cellular mobile radio communication 

system) and for example the Internet.  

[0030] The computing device 103 continuously (e.g. every 30 seconds or every 60 seconds) 

acquires estimates of its geographical position using GPS and sends it to the server for storage 

and analysis. The computing device 103 can thus be seen as positioning device. Each position 

estimate contains a latitude and a longitude and allows the pinpointing of the object (GPS 

receiver 101 in this example) anywhere on the globe with, in case of GPS, a best-case scenario 

error of 3 meters. 

[0031] However, due to the presence of high buildings in an urban environment, the 

accuracy of such positions may considerably decrease – this is because for the positioning using 

GPS to work most effectively, line-of-sight to at least four satellites 105 is required. Secondly, 

in cases of tunnels or thick forests where there are no line-of-sight to any satellite 105, the 

positioning based on GPS completely breaks down. 

[0032] Therefore, a processing unit, referred to as positioning enhancement unit in the 

following, which may be the computing device 103 or the server 106, which then provides 

positioning results back to the computing device 103, or both of them in collaboration, may 
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process the estimates to provide better positioning of the vehicle 101 (or similarly any other 

movable object, e.g. a pedestrian’s smartphone, a train, etc.) 

[0033] For example, for real-time positioning of vehicle 101, the positioning enhancement 

unit 103, 106 may utilize knowledge of the topology of the road network 107 (which may, in 

general, be a path network, represented by a directed graph). Typically, such topology 

information is readily available in most urban, as well as rural cities around the world. By 

further assuming that the object 101 moves on areas with map coverage while obeying basic 

traffic rules such as speed limits, the direction of the road 102 and the topology of the road 102, 

the positioning enhancement unit 103, 106 may perform correction of the position estimate 

(raw GPS coordinate) by map matching (i.e. snapping the estimates to the roads of the road 

network, e.g. by associating the position with a most likely road segment) as it is illustrated in 

FIG. 2. 

[0034] FIG. 2 illustrates snapping of position estimate 201 to a road network 202, e.g. 

corresponding to road network 107 of FIG. 1. 

[0035] The positioning enhancement unit 103, 106 corrects each position estimate 201 to a 

corrected position estimate 203 by moving it to the road network 202. For example, the roads 

of the road network are subdivided into road segments 204 (delimited by dashed lines in FIG. 

2) and a position estimate 201 is snapped to the center of the nearest road segment 204. In 

general, the road segments may be path segments (e.g. of tracks, bicycle paths, hiking paths, 

etc.) 

[0036] For the map matching, the positioning enhancement unit 103, 106, for example, uses 

a hidden Markov model (HMM). However, for such an approach to work best, the entire 

temporal sequence of position estimates (raw GPS coordinates) of a journey needs to be 

acquired first and used as input to the HMM. This is fine for offline analysis or visualization 

of a movable object’s trajectories after the fact, but inadequate if the object’s position needs to 

be known at any given time, i.e. correction of position estimate 201 should be provided in real-

time while the vehicle is moving from position to position. 

[0037] Therefore, according to various embodiments, an approach is provided which allows 

the positioning of movable objects using a hidden Markov model (HMM) in real-time. 

Specifically, a system is described in the following that scales the aforementioned HMM to 

movable objects in real-time. 
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[0038] This means that according to various embodiments, a system (e.g. implemented by 

the server computer 106) is provided that delivers near real-time positioning of movable objects 

(e.g. a vehicle, a bicycle, a pedestrian) that are individually tracked in the real-world. The 

system is capable of continuously receiving position estimates 201 (raw GPS coordinates) and 

other related metadata from any computing device (e.g. computing device 103 of movable 

object 101) with access to the Internet. For each object, as it is moving in the real world, the 

system returns the corrected position, by first determining the object’s most likely trajectory 

on the road network (e.g. road network 107), and returning corrected position estimates 203 

that have been projected to the closest position on its most likely road segment respectively. 

[0039] The object’s historical trajectory and previous map matching results (i.e. corrected 

position estimates 203) are stored on a persistent storage system. Due to the fact that the size 

of the map matching results may become very large, round-trip network transfer of such data 

may be prohibitive in terms of latency. To mitigate this, according to various embodiments, a 

serialization structure is provided with the intent to minimize the storage size required. This 

may be combined with compression (e.g. a zip program) as the final step. 

[0040] At map matching in real-time, the system uses an implementation of an HMM. Each 

position estimate 201 is encoded in the HMM as observation (or, in other words, as an 

observable state) while the true road segment is encoded as part of (i.e. is given by) a hidden 

state. The system applies the Viterbi algorithm to find the most likely sequence of road 

segments for a sequence of observations (i.e. a sequence of position estimate or pre-processed 

position estimates). The final sequence of road segments, with one to one correspondence to 

the position estimates, is then projected to the road segment (e.g. to the closest position to the 

object 101 at the respective time of measurement) and the result of projection is output as the 

final result of the positioning (and in particular the snap service). In the event that the system 

fails to perform successful map matching it may return the original position estimate (e.g. raw 

GPS coordinate. Due to strict timing constraints, if any part of the map matching process takes 

too much time, the system may treat this as a failure and return the original position estimate. 

[0041] According to an embodiment, since GPS signals are prone to noise and not entirely 

trustworthy, the system includes a filtering component which filters out position estimates (e.g. 

raw GS coordinates) depending on some filtering criteria, before applying the HMM. This 

means that position estimates 201 may correspond to those position estimates which remain 

after filtering. 
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[0042] Further, given a position estimate at time t=T, it is may not be feasible to apply an 

HMM from an initial time t=0 to t=T since this may include too many time steps. It should be 

noted that the HMM has the property is that the result at time t=T is solely dependent on the 

result at time t=T-1. Therefore, according to an embodiment, an HMM is applied incrementally 

where the result of the HMM at each time step (i.e. the snapping result for each measurement 

time) is kept and reused later to avoid duplication of computation and improve the accuracy of 

results overall. 

[0043] According to an embodiment, the system processes multiple objects in parallel i.e. 

performs positioning for multiple objects using parallelism. Further, according to an 

embodiment, the system is scalable in that it scales out and scales in (e.g. adapts the number of 

parallel positioning processes or computational nodes) when the number of objects changes in 

real-time. The storage (i.e. for storing historical, i.e. previous, HMM states) may be separated 

from the computation unit (which calculates current HMM state) so the computation unit (and 

each of the computation nodes, with each perform positioning for one object) is stateless. 

[0044] FIG. 3 shows an architecture of a system 300 for correcting position estimates 

according to an embodiment. 

[0045] The system 300 may implement a positioning enhancement unit as mentioned above. 

[0046] The system 300 provides computation units 301, 302 for a location service and for 

a snap service. The location service computation unit 301 receives position estimates 303 from 

a positioning device 304 (e.g. corresponding to computing device 103) of an object (e.g. vehicle 

101) periodically and applies a filtering logic to remove undesirable and/or noisy positions that 

would have been otherwise difficult or impossible to perform map matching on. 

[0047] The snap service computation unit 302 receives the positions remaining after 

filtering 305 from the location service computation unit 301 to perform map matching. It 

returns snapped positions 306 which are stored as corrected position estimates 307 in a 

persistence storage 308 for consumption by other systems for various purposes such as but not 

limited to routing, debugging and etc. In particular, they may be provided back to the same or 

an observer device 310, which could may be another computing device (i.e. smartphone) that 

allows visualization of the movable object's trajectory like for example in an e-hailing 

application where passengers could see where the driver is now at. 
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[0048] The system 300 further includes a database 309 (e.g. implemented by a Redis 

cluster) which the snap service computation unit 302 uses to provide an object’s previous snap 

results to enable online map matching. 

[0049] In a typical scenario, a movable object utilizes a positioning device 304 that is 

capable of communicating with the system via some form of communication network such as 

the Internet. Such a positioning device 304 has the capability of communicating with the GPS 

receiver (e.g. GPS receiver 104) to acquire the current estimated coordinate of the positioning 

device 304 with a latitude and longitude, along with a measure of how accurate the estimation 

for the position is. The positioning device 304 sends such information, for example along with 

the speed of the movable object, and a current timestamp to the location service computation 

unit 301 for further processing. 

[0050] FIG. 4 shows a flow diagram 400 illustrating the processing of position estimates 

401 by the location service computation unit 301. 

[0051] In 402, the location service computation unit 301 filters position estimates before 

providing them to the snap service computation unit 302 for map matching. To determine 

whether a position should be filtered out (i.e. removed), the location service computation unit 

301 may for example use a list of learned heuristics as filter criteria as follows: 

1. Each position estimate with GPS accuracy exceeding 128 meters is filtered out; 

2. Each position estimate with timestamp of less than 5 seconds as compared to the 

previous position estimate is filtered out; 

3. Each position estimate which is less than 2.5 meters away to the previous position 

estimate is filtered out; and/or 

4. Each position estimate which too far away from the previous position estimate is 

filtered out. 

[0052] After the position estimates (raw GPS coordinates) have been filtered, the location 

service computation unit 301 calls the snap service provided by the snap service computation 

unit 302 to perform map matching in 403 for each position estimate remaining after filtering. 

Presumably the map matching process in the snap service computation unit 302 will further 

improve the accuracy of the position estimate by snapping it on the correct road segment. 

However, for all intents and purposes, the actual methodology of how the snap service 

computation unit 302 does map matching is a black box to the location service computation 

unit 301. 
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[0053] In 404, the location service computation unit 301 checks the result of the snap 

service. When the snap service computation unit 302 fails to snap successfully (e.g. does not 

provide a result) or that the snapped position as returned by snap service is too far away from 

the position estimate (i.e. the snapping result is unlikely to be correct, e.g. when the distance 

between position estimate and snapped position is more than 100 meters), the location service 

computation unit 301 outputs the position estimate 303 as the corrected position 307 instead of 

the snapped position 306 in 405. Otherwise, it outputs the snapped position 406 as the corrected 

position 307. In practice, the snap service could fail to snap correctly due to flaws in the map 

matching process or map-related issues. 

[0054] FIG. 5 shows a flow diagram 500 illustrating the processing of a position estimate 

501 by the snap service computation unit 302. 

[0055] Regarding object identification, for long-term tracking of movable objects, each 

object 101 is assigned a globally unique identifiable name that the snap service computation 

unit 302 uses to keep track of each object’s historical trajectory, as well as the HMM results at 

a particular position in time. It uses such information to not only ensure more accurate map 

matching results but also to enable real-time positioning of the object without doing duplicated 

work. 

[0056] While it is possible to perform map matching on a fixed window of e.g. five position 

estimates (i.e. five positioning times), often it is not feasible to delay processing until five 

position estimates are accumulated. By the time the position estimates are processed, they 

would be out-of-date. To make positioning suitable for real-time, according to one 

embodiment, the snap service computation unit 302 incorporates, for a current position 

estimate of an object 101, the object’s past HMM instance from previous snap results and 

performs map matching only on the current position estimate. This is denoted as incremental 

map matching and allows the snap service to process every position estimate as it receives in 

real-time. 

[0057] First, in 502, the snap service computation unit 302 finds candidate road segments 

as a target for the snapping of the position estimate (i.e. raw GPS coordinate). Due to the 

inherent inaccuracy of raw GPS coordinates (e.g. raw GPS coordinates provided by a GPS 

receiver), the position estimates have varying degrees of accuracy, i.e. they often do not fall 

exactly on the road segments that the object is moving on. In practice, however, the actual road 

segment the movable object (e.g. vehicle) is moving on is often close to the position estimate, 
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if not the nearest road segment. Therefore, before the correct road segment can be determined 

by map matching, for each position estimate considered, the snap service computation unit 302 

retrieves and sorts all nearby road segments by how close they are to the position estimate. To 

do so, a tree-like data structure called R-Tree may be used to allow efficient retrieval of nearby 

road segments. Depending on the accuracy level of the position estimate, the snap service 

computation unit 302 can adjust how big or small the radius of the circle centered on the 

position estimate will be, wherein the snap service computation unit 302 considers every road 

segment that lies within the circle to be potentially the actual road segment (i.e. includes those 

road segments as candidate road segments). 

[0058] The emission probability (also known as measurement probability) of each road 

segment signifies the likelihood that the position estimate observed (observable state) would 

be observed if the movable object was actually on the road segment. This arises from the 

intuition that the further away a road segment is from the position estimate, the less likely for 

it to have produced the observed position estimate. There are multiple methods of calculating 

emission probabilities, such as using Gaussian distribution, exponential distribution etc. Here, 

a Gaussian distribution is used as example, where the emission probability is given by the 

equation (1). 

 

  (1) 

 

The position estimate at time � is denoted as ��, each road segment is denoted as ��, closest 

position on road segment � for coordinate � is denoted as ��,� and the GPS accuracy for time � 

is denoted as σt. The parameters π and σ can be learned and set beforehand. 

[0059] Once the snap service computation unit 302 has assigned an emission probability to 

all candidate road segments it calculates the transition probabilities. For this, it retrieves the 

historical HMM instance in 503, in particular the list of candidate segments for the time (i.e. 

timestamp) of the last position that has been snapped (i.e. the timestamp of the previous 

snapping) and merges it with the current position in 504. 

[0060] FIG. 6 illustrates a sequence of positions and corresponding lists of road segments. 
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[0061] For simplicity, there are only two historical positions, denoted as z1 and z2. The 

current coordinate (with timestamp t) is denoted as z3. 

[0062] The list of (road segment) candidates for z1 is {r11, r12} and the list of candidates 

for z2 is {r21, r23} and the list of candidates for the current position z3 is {r31, r32}. 

[0063] As will be described below, according to an embodiment, the snap service 

computation unit 302 only retrieves the HMM information for the previous position, in 

particular only the list of candidates for z2. 

[0064] In 505, the snap service computation unit 302 now calculates the transition 

probabilities from t-1 to t. That means that it calculates, for each combination of candidate road 

segment of the previous position and candidate road segment of the current position, the 

probability that the movable object 101 has moved from the candidate road segment of time t-

1 to the candidate road segment of time t. 

[0065] In the example of FIG. 6, this means that the snap service computation unit 302 

calculates the transition probability from r21 to r31, from r21 to r32, from r22 to r31 (indicated 

by a line as an example) and from r22 to r32. 

[0066] It is likely that moving object would traverse the shortest route possible as allowed 

by the topology of the road network within the speed limit. Therefore, to estimate the 

transitional probability between two candidate road segments (with index i and index j), 

according to an embodiment, the snap service computation unit 302 computes the shortest route 

Di,j between two candidate road segments, e.g. with the bidirectional Dijkstra’s algorithm. 

[0067] It may then use the expression (2) to calculate the transition probability (written 

logarithmically): 

  (2) 

[0068] The parameter 	 is a constant for example set to 10 and Di,j is the routing distance 

from candidate road segment �  to candidate road segment 
  as mentioned above .  As the 

emission probabilities, the  transition probabilities may be calculated in various ways and are 

not limited to the examples given here. The approaches described herein may be used 

independently from the concrete choice of emission probability and transition probability 

calculation. 
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[0069] If there are no possible routes between two candidate road segments, or if the routing 

distance exceeds the distance that the movable object could traverse given the speed limit of 

the road (e.g. taking into account a certain tolerance), the transition probability between the 

road segments is set to zero. 

[0070] Due to the fact that calculation of shortest routing distance is often the most 

expensive process in terms of computational effort, the snap service computation unit 302 

according to an embodiment terminates the calculation early if the total routing distance 

calculated so far has exceeded a distance threshold. The snap service computation unit 302 sets 

this distance threshold based on the associated timestamp of the two positions (i.e. the time 

difference between t and t-1). The intuition behind this is that it is highly unlikely for any object 

to move too quickly since objects have to obey the speed limits imposed by the road network. 

[0071] Once the snap service computation unit 302 has calculated the emission and 

transition probabilities, it performs the Viterbi algorithm in 506. 

[0072] It should be noted that if the current coordinate is not the first coordinate then for 

the previous coordinate (since the snapping process has been performed similarly for the 

previous coordinate), the snap service computation unit 302 knows the likelihoods of the 

candidate road segments of the previous coordinate (timestamp t-1). By combining these 

likelihoods (according to the Viterbi algorithm) with the transition probabilities and emission 

probabilities calculated for the current coordinate (timestamp t) the snap service computation 

unit 302 calculates a likelihood for each candidate road segment of the current coordinate. It 

may then select the center of the road segment (or another reference coordinate associated with 

that road segment) with the highest likelihood as the snapped coordinate and output it to the 

location service computation unit 301 in 508. If there is not a single candidate road segment 

with likelihood greater than zero, the snap service computation unit 302 deems that map 

matching has failed in 509. It may then return the current position estimate as snapping result. 

This may also happen in case the snapping process taking too long. 

[0073] If there is no HMM instance for the movable object, i.e. there is no previous 

coordinate, the snap service computation unit 302 sets up a new HMM instance whose first 

coordinate is the current coordinate (i.e. whose initial time is the timestamp of the current 

coordinate). In that case, the snap service computation unit 302 calculates the likelihood for 

the road segments of the current coordinate based only on the emission probabilities. 
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[0074] If there is prior information about the movable object, i.e. an HMM instance exists, 

the snap service computation unit 302 can retrieve the HMM instance for the movable object, 

and can append the results for the current position to the end of the HMM instance (as data for 

the last position or time of the HMM instance). If the length of the HMM instance (i.e. last 

position’s timestamp minus the first position’s timestamp) exceeds a threshold, e.g. two 

minutes, older positions may be trimmed away. Thus, the total length of the HMM instance 

will not exceed two minutes, to ensure the HMM instance will not grow infinitely large. 

According to an embodiment, if a driver is idle for more than a threshold, e.g. 3 minutes, the 

snap service computation unit 302 deletes the HMM instance. 

[0075] It should be noted that it is possible to retrieve the complete most likely sequence of 

road segments that the object has traversed (since the timestamp of the first position of the 

current HMM instance for the object). To do so, the candidate road segment of the previous 

position with the highest probability is recursively found until the first position. This means 

that it is possibly to follow the back pointer to get the full optimal state path and return all the 

outputs (1 input, N outputs). 

[0076] However, according to an embodiment, the snap service computation unit 302 

returns, given the position estimate of time t, only the corrected position of time t. 

[0077] To support accurate on-the-fly snapping of a position at a time, as explained above, 

the snap service computation unit 302 performs incremental map matching on the object’s prior 

information, rather that starting over and constructing a new HMM instance for every position 

estimate received unless there is currently no HMM instance for the movable object. To achieve 

that, the snap service computation unit 302 stores the results for the current position estimate 

as HMM history information in the database 309 in 507 (for later retrieval for the next position 

in 503), e.g. in the form of an HMM encoding table. 

[0078] This means that information about the object, as well as computed information as a 

result of it, is encoded, stored, and later retrieved. Such information, for example, includes the 

position estimates, the exact (e.g. Unix) timestamps of the positions, all the candidate road 

segments for all the positions, and finally a representation of the corresponding HMM instance 

itself. Additionally, all that information is encoded as efficiently as possible to conserve 

memory and ensures fast database retrieval (e.g. short Redis round-trip-time (RTT)). 

[0079] According to an embodiment, before the snap service computation unit 302 encodes 

the candidate road segments, it constructs a candidate encoding table to ensure that candidates 
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that are “duplicated” across position estimates at different timestamps are encoded only once 

per each unique candidate. 

[0080] FIG. 7 illustrates generation of a candidate encoding table 700. 

[0081] Each candidate C1, C2, C3, C4 represents one particular road segment and it has 

attributes like road segment start node ID 701 and road segment end node ID 702 (assuming 

that road segments are selected such that each road segment is a straight line). To de-duplicate 

the candidates (i.e. avoid duplicates of candidates), each candidate may be uniquely given by 

the road segment start node ID 701 and the road segment end node ID 702. 

[0082] Once all the information about the candidates are encoded in the candidates encoding 

table 700, the snap service computation unit 302 constructs the HMM encoding table.  

[0083] FIG. 8 illustrates generation of an HMM encoding table 800 according to an 

embodiment. 

[0084] The HMM encoding table 800 contains the following information for each road 

segment candidate 801, 802, 803 for each position (i.e. each positioning time (e.g. 

corresponding to the coordinate timestamp)): 

1. Likelihood of the candidate being correct 

2. Position (e.g. center) of road segment 

3. Timestamp (suffices once for the set of the road segments for the coordinate) 

4. Optimal state path (e.g. in the form of a back pointer) 

5. Candidate road segment ID (e.g. pointer to a particular road segment in the candidates 

encoding table) 

[0085] This means that the HMM encoding table 800 contains the likelihood value 804 for 

every candidate road segment. The likelihood value indicates the maximum Viterbi likelihood 

value of all the previous sequences up to the candidate on that timestamp. However, because a 

likelihood is a probability value and a probability value is always a number between 0 and 1 

and it will lose precision soon and even underflow, it is stored as a logarithmic probability 

rather than as a raw probability value directly. Thus, the likelihoods are negative numbers that 

get progressively smaller (from timestamp to timestamp). To conserve memory, the 

logarithmic likelihood values are for example stored as Float32. 

[0086] As the Viterbi probability is an accumulation of emission probability and transition 

probability and both probabilities have an upper bound (e.g. -6.53 and -12.3 respectively under 

the parameter set according to an embodiment), an upper bound for Viterbi probability after N 
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points can be calculated. Based on the assumption that the longest time a driver is driving 

cannot exceed 24 hours and the highest frequency of the provision of position estimates using 

GPS is two seconds, the upper bound for Viterbi probability is an accumulation of 43,200 

points, which turns out to be -813,443.7. 

[0087] According to an embodiment, the position estimates (raw GPS coordinates) 805, 

which consists of a pair of latitude and longitude, are downsampled to six decimal points to 

conserve memory. Position estimates of up to six decimal points are corrected up to 0.11 meters 

which is more than needed in a typical e-hailing application. Subsequently, the position 

estimates are for example encoded using the Encoded Polyline Algorithm Format which 

attempts to encode a sequence of positions as efficiently as possible, by encoding only the 

“offset” of a position compared to the previous position. In the present case, position estimates 

represent an object’s past trajectory. 

[0088] The timestamps 806 of the position estimates, which are essentially Unix 

timestamps, may be stored similarly to the position estimates. The first timestamp of an HMM 

instance is encoded as-is, and all subsequent timestamps are encoded by encoding the offset to 

the previous timestamp. 

[0089] The optimal state path may be encoded as a back pointer 807 to the previous optimal 

road segment candidate. It for example consists of two 16-bit unsigned integers, one to indicate 

the index of the position, the other to indicate the index of the candidate. With this decision, 

there is a self-imposed limit of 65,536 coordinates in the HMM encoding table. 

[0090] The candidate road segment 808 is for example encoded as a pointer to the road 

segment encoded in the candidates encoding table. Therefore, it can be encoded as 16 bits 

unsigned integer. With this decision, there is a self-imposed limit of 65,536 candidates. 

[0091] The snap service computation unit 302 may apply a compression algorithm to the 

bytes representation of the candidates and HMM encoding table (e.g. a zip algorithm, e.g. set 

to best speed), to further reduce the number of encoded bytes.  

[0092] As described above, the HMM encoding table 800 contains information on the 

optimal state path for every candidate in form of back pointers. 

[0093] FIG. 9 illustrates back pointers 901 between the road segment candidates 902, 903 

for a sequence of (monotonically increasing) time stamps T1, T2, T3. 

[0094] For each candidate, it is possible to follow its chain of back pointers to retrieve its 

entire optimal state path. 
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[0095] However, there may be orphaned candidates 903 which are defined as candidates 

which are unreachable from any of the candidates in the latest time step T3. The snap service 

computation unit 302 may safely omit such orphaned candidates 903 from the HMM encoding 

table 800 because they are not going to impact the calculation of the next snap request (for a 

next timestamp T4). The snap service computation unit 302 may perform a backtracking 

operation to identify orphaned candidates relatively cheap but allows it to achieve a huge 

reduction in the size of the final size of the HMM encoding table 800. This will in turn help 

keeping latency low due to shorter time for retrieval of HMM history information from the 

database 309 (e.g. Redis round-trip-time (RTT)). 

[0096] In summary, according to various embodiments, a method is provided as illustrated 

in FIG. 10. 

[0097] FIG. 10 shows a flow diagram 1000 illustrating a method for correcting position 

estimates of a movable object according to an embodiment. 

[0098] In 1001, a hidden Markov model (HMM) instance for the movable object (e.g. a 

vehicle or a device placed or placeable in a vehicle, e.g. a built-in navigation device or a 

smartphone) is established. 

[0099] For (each positioning time of) positioning times of a sequence of positioning times: 

[00100] In 1002, a position estimate is received from a positioning device of the movable 

object for a respective positioning time. 

[00101] In 1003, a set of candidate path segments (of a path network, e.g. a road network, on 

which the movable object is moving) is determined for the positioning time. 

[00102] In 1004, likelihoods for the candidate path segments to correspond to the position 

estimate by application of the Viterbi algorithm to the hidden Markov model instance are 

determined. 

[00103] In 1005, the HMM instance is expanded by the determined likelihoods for the 

candidate path segments for the positioning time (i.e. data for a new time point (namely the 

positioning time) is added to the HMM instance and the determined likelihoods are assigned 

to the candidate path segments (i.e. the hidden states of the HMM)). 

[00104] In 1006, a corrected position estimate is determined from a candidate path segment 

of the set of candidate path segments with the highest likelihood. 

[00105] The corrected position estimate may then be provided back to the positioning device 

and/or may also be provided to another device (e.g. a server computer) for further processing 
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or usage in an application such as a navigation or e-hailing application. It may further be used 

as an input to a controller, in particular of the movable object, e.g. a vehicle controller when 

the movable object is a vehicle, for example for autonomous driving. 

[00106] According to various embodiments, in other words, a positioning device 

successively provides position estimates and a correction service (e.g. provided by a 

positioning server) corrects the position estimates (as they are received from the positioning 

device) by applying the Viterbi algorithm incrementally to an HMM. The respective HMM 

instance may be seen to grow with each received position estimate, although it may be trimmed 

from time to time (e.g. data for older positioning times may be removed from the HMM 

instance) and the HMM instance may be deleted in case no position estimate has been received 

for a certain period of time. 

[00107] The hidden Markov model instance is for example established in response to a 

reception of a position estimate from the positioning device of the movable object for the initial 

(i.e. first) positioning time of the sequence of positioning times. This means that 1001 can be 

performed in after 1002 for the initial positioning time (but before 1002 for the following 

positioning times). 

[00108] It should be noted that receiving a position estimate may include pre-processing such 

as smoothing, e.g. Kalman smoothing. 

[00109] The method of FIG. 10 is for example carried out by a server computer as illustrated 

in FIG. 11. 

[00110] FIG. 11 shows a server computer 1100 according to an embodiment. 

[00111] The server computer 1100 includes a radio interface 1101 (e.g. configured for radio 

communication with the positioning device, for example via a mobile radio communication 

network). The server computer 1100 further includes a processing unit 1102 and a memory 

interface 1103. The memory interface 1103 allows the processing unit 1102 to access an 

internal or external memory (at least partially) storing the hidden Markov model instance. The 

server computer is configured to perform the method of FIG. 10. 

[00112] The methods described herein may be performed and the various processing or 

computation units and devices described herein may be implemented by one or more circuits. 

In an embodiment, a "circuit" may be understood as any kind of a logic implementing entity, 

which may be hardware, software, firmware, or any combination thereof.  Thus, in an 

embodiment, a "circuit" may be a hard-wired logic circuit or a programmable logic circuit such 



 

 

 

 

19 
 

 

as a programmable processor, e.g. a microprocessor.  A "circuit" may also be software being 

implemented or executed by a processor, e.g. any kind of computer program, e.g. a computer 

program using a virtual machine code.  Any other kind of implementation of the respective 

functions which are described herein may also be understood as a "circuit" in accordance with 

an alternative embodiment. 

[00113] While the disclosure has been particularly shown and described with reference to 

specific embodiments, it should be understood by those skilled in the art that various changes 

in form and detail may be made therein without departing from the spirit and scope of the 

invention as defined by the appended claims. The scope of the invention is thus indicated by 

the appended claims and all changes which come within the meaning and range of equivalency 

of the claims are therefore intended to be embraced. 



 

 

 

 

20 
 

 

CLAIMS 

 

1. A method for correcting position estimates of a movable object comprising: 

establishing (1001) a hidden Markov model, HMM, instance for a movable object; and 

for positioning times of a sequence of positioning times,  

receiving (1002) a position estimate from a positioning device of the movable 

object for a respective positioning time, 

determining (1003) a set of candidate path segments for the positioning time; 

determining (1004) likelihoods for the candidate path segments to correspond 

to the position estimate by application of the Viterbi algorithm to the hidden 

Markov model instance;  

expanding (1005) the HMM instance by the determined likelihoods for the 

candidate path segments for the positioning time; and 

determining (1006) a corrected position estimate from a candidate path segment 

of the set of candidate path segments with the highest likelihood. 

 

2. The method of claim 1, further comprising transmitting the corrected position 

estimate to the positioning device. 

 

3. The method of claim 1 or 2, wherein expanding (1005) the HMM instance comprises 

adding the positioning time with the set of candidate path segments as possible values 

for the positioning time to the HMM and associating the candidate path segments with 

the determined likelihoods. 

 

4. The method of any one of claims 1 to 3, wherein the application of the Viterbi algorithm 

to the HMM instance comprises an incremental application of the Viterbi algorithm 

from the positioning time in the sequence of positioning times preceding the positioning 

time to the positioning time. 

 

5. The method of any one of claims 1 to 4, wherein the application of the Viterbi algorithm 

to the HMM instance comprises determining, for each candidate path segments of the 

set of candidate path segments, an emission probability that the candidate path segment 
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produces the position estimate, determining transition probabilities between candidate 

path segments of the last positioning time added to the HMM instance and the candidate 

path segments of the positioning time and determining the likelihoods from the 

emission probabilities, the transition probabilities and the likelihoods of the candidate 

path segments of the last positioning time added to the HMM instance according to the 

Viterbi algorithm. 

 

6. The method of any one of claims 1 to 5, comprising retrieving the HMM instance for 

the movable object from a database and storing the expanded HMM instance in the 

database. 

 

7. The method of any one of claims 1 to 6, comprising receiving, for each positioning time 

of the sequence of positioning times, a position estimate, checking, in response to the 

reception of the position estimate, whether the position estimate fulfills a predetermined 

quality criterion and, if the position estimate does not fulfill the predetermined quality 

criterion, filtering out the position estimate. 

 

8. The method of claim 7, wherein filtering out the position estimate comprises omitting 

to perform the Viterbi algorithm for the positioning time and omitting to add the 

positioning time of the position estimate to the hidden Markov model instance. 

 

9. The method of any one of claims 1 to 8, comprising providing the received position 

estimate as corrected position estimate for a positioning time if the determination of a 

corrected position estimate using the Viterbi algorithm takes longer than a 

predetermined threshold. 

 

10. The method of any one of claims 1 to 9, wherein determining (1006) the corrected 

position estimate from the candidate path segment comprises setting the corrected 

position estimate to a reference position predefined for the candidate path segment. 

 

11. The method of any one of claims 1 to 10, wherein the movable object is a vehicle. 
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12. The method of any one of claims 1 to 11, wherein the position estimates are satellite 

navigation positioning system position estimates. 

 

13. The method of any one of claims 1 to 12, comprising receiving position estimates for 

multiple movable objects, maintaining an HMM instance for each unique movable 

object and determining corrected position estimates for each movable object. 

 

14. The method of any one of claims 1 to 13, comprising trimming the HMM by removing 

states with oldest positioning times if the length of the HMM has exceeded a 

predetermined maximum length. 

 

15. The method of any one of claims 1 to 14, comprising providing the corrected position 

estimate in real-time in response to the reception of the position estimate. 

 

16. A server computer (1100) comprising a radio interface (1101), a memory interface 

(1103) and a processing unit (1102) configured to perform the method of any one of 

claims 1 to 15. 

 

17. A computer program element comprising program instructions, which, when executed 

by one or more processors, cause the one or more processors to perform the method of 

any one of claims 1 to 15. 

 

18. A computer-readable medium comprising program instructions, which, when 

executed by one or more processors, cause the one or more processors to perform the 

method of any one of claims 1 to 15. 

 


