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Abstract— The computation speed and output latency of map 

matching are important considerations when processing location 

data, especially smartphone-generated noisy and sparse data, 

from a large number of users for real-time transportation 

applications. In this paper, we examine the factors affecting the 

efficiency of online map matching algorithms that are based on 

probabilistic sequence models such as Hidden Markov Models 

(HMM) and present several heuristic optimizations to improve 

their speed and latency. As shortest path computations account 

for most of the running time of probabilistic map matching 

algorithms, we propose a method for reducing the total number 

of such computations by pruning unlikely states in the 

probabilistic sequence model. Furthermore, we speed up the 

one-to-many shortest path computations by limiting the search 

space to an elliptical area that encompasses all the targeted 

destinations. We present a technique for reducing the latency of 

the Viterbi algorithm used to find the most likely state sequence 

in a HMM or a similar model. This technique enables the early 

output of partial state sequences based on an estimate of the 

probability of a state being part of the eventual most likely 

sequence. Experiments using real-world location data show that 

the heuristic optimizations significantly reduce the running time 

and output latency with negligible loss of accuracy. 

I. INTRODUCTION 

Map matching is the problem of associating a sequence of 
inaccurate location measurements, usually corresponding to 
the actual locations of a moving vehicle, with a sequence of 
road segments. It is the first step in utilizing location data 
sourced from travelers for applications such as road speed 
estimation and automatic traffic incident detection. In recent 
years, there has been an abundance of smartphone-generated 
location data that are typically characterized by high levels of 
measurement noise and temporal sparsity. Their use in real-
time transportation applications is conditional upon the 
availability of accurate and efficient map matching algorithms. 
The focus of this paper is on improving the efficiency of online 
map matching in terms of processing speed and output latency, 
which are important considerations in real-time applications 
handling large-scale streaming location data. 

Map matching is widely viewed as a sequence labelling 
problem that is best solved by probabilistic sequence models 
such as Hidden Markov Models (HMM) [1], [2], [3], and 
Conditional Random Fields (CRF) [4]. This paper conforms to 
the HMM framework, but the proposed techniques are equally 
applicable to CRF-based map matching. In the HMM-based 
approach, for each location measurement, a number of 
candidate road segments are represented as states (nodes) in a 
HMM trellis graph such as the simple one shown in Figure 1, 
where the edges represent the transitions between states. The 
most likely sequence of states is found using the Viterbi 

 
 

algorithm [5], a well-known dynamic programming algorithm. 
While this approach provides the best results in terms of 
accuracy, it typically involves a large amount of computation 
and high latency due to the reasons described below. 

The Viterbi algorithm requires the probabilities of all the 
transitions in the trellis graph to be calculated. The transition 
probability between two states (i.e. road segments) depends on 
the shortest path between them. The shortest path calculations 
are the most computationally expensive part of the map 
matching process [6], [7]. Assuming that there are 𝑁 states at 
time step 𝑡 − 1 and 𝑀 states at time step 𝑡, a total of 𝑁𝑀 
shortest path computations need to be performed to calculate 
the probabilities of all possible transitions between the two 
time steps. The number of states per time step becomes large 
when the location measurements are provided by noisy 
positioning technologies such as Wi-Fi positioning and 
cellular network positioning, which are preferred in 
smartphones due to their energy efficiency. In such a situation, 
an immense number of shortest path computations are needed, 
resulting in unacceptably long running times. In its basic form, 
the Viterbi algorithm outputs the most likely state sequence 
from the first time step to the last time step in the trellis graph 
after all the observations (i.e. location measurements) are 
received. This results in a high latency, which is not suitable 
for applications with timeliness constraints. 

A number of techniques have been used in the literature to 
improve the computation speed of map-matching algorithms 
that are based on HMM or similar models. Some researchers 
limit the number of shortest path computations by not 
evaluating the probabilities of transitions emanating from 
some states at each time step. The simplest way of doing this 
is to select and retain a fixed number of states at each time step 
for further computation on the basis of a score that indicates 
the probability of the most likely sequence ending at each state 
[6], [8]. However, the minimum number of states that should 
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Figure 1.  A simple example of a HMM trellis graph. In the map matching 

context, the nodes correspond to road segments and the edges represent 

transitions between them. 

 



  

be retained varies considerably at each time step depending on 
the road network topology and the location measurement error. 
Hence, retaining a fixed number of states at all the time steps 
may either result in poor accuracy or may incur more 
computation than necessary. An optimization that reduces the 
number of state transition probability calculations without 
compromising optimality was recently proposed by Koller et 
al. [9]. Their optimization involves replacing the Viterbi 
algorithm with the bidirectional Dijkstra algorithm that finds 
the optimal state sequence in the trellis graph without 
exploring all the states in it. However, it is applicable only for 
offline map matching and not for the online case. 

In some works [7], [8], the processing speed is 
significantly improved by replacing the large number of one-
to-one shortest path computations with a smaller number of 
one-to-many shortest path computations. Furthermore, the 
shortest path search space is limited by the maximum possible 
distance that can be travelled from the source within the time 
elapsed between successive location samples. However, such 
a search bound, which accounts for vehicles travelling at the 
maximum possible speed throughout, causes the search space 
to be much larger than actually required in practice. Eisner et 
al [10] adopted a hierarchical routing approach, which 
involves preprocessing the road network, for speeding up the 
shortest path computations needed for map matching. 

Several published map matching algorithms include 
techniques for reducing the latency of the Viterbi algorithm for 
online operation. A simple latency-reduction method is to 
subdivide the location sequence into several chunks using a 
fixed-sized sliding window and to apply the Viterbi algorithm 
to each chunk separately. However, in order to achieve good 
accuracy, larger windows are needed, resulting in higher 
output latencies [6]. Another approach known as lagged 
smoothing [4] involves processing a fixed-number, say 𝑘, of 
subsequent observations before outputting the state 
corresponding to a given observation. Lagged smoothing is 
performed using the forward-backward algorithm, which 
computes the probability of a state at time step 𝑡, given the 
observations up to time step 𝑡 + 𝑘. However, a fixed lag may 
not suit all situations, as in some cases a higher than usual 
number of subsequent observations may be needed to resolve 
the uncertainty at a time step. While the abovementioned 
latency-reduction techniques do not guarantee an optimal 
solution, it is possible to reduce the latency of the Viterbi 
algorithm without compromising its accuracy. As explained in 
Section II, the Viterbi algorithm can be made to output partial 
state sequences each time a convergence point is detected in 
the trellis graph such that the partial state sequence up to that 
point cannot be altered by future observations [3]. However, 
even with this improvement, the Viterbi algorithm typically 
incurs a latency of several time steps, especially for noisy and 
sparse location data. 

In this paper, we propose and evaluate three heuristic 
optimizations to reduce the computation time and latency of 
map matching algorithms that perform Viterbi inference on a 
probabilistic sequence model. First, we propose a simple yet 
effective method for reducing the number of states considered 
at each time step. Instead of retaining a fixed number of states 
at each time step for further computation, we heuristically 
retain a variable number of states by using the probability of 

the most likely state as a reference value. Second, we present 
a geometric pruning technique that substantially reduces the 
search space of the one-to-many shortest path computations by 
confining the search to an elliptical region that encompasses 
the source and all the destinations. Our third heuristic 
optimization seeks to reduce the latency of the Viterbi 
inference process by outputting partial state sequences even 
before a convergence point indicating the irreversibility of the 
partial state sequence is detected. Such early generation of the 
partial sequence up to a time step is made when the probability 
of a state at that time step being part of the eventual most likely 
state sequence exceeds a threshold. The proposed heuristic 
optimizations have been evaluated with smartphone-generated 
location sequence data and compared with a baseline 
algorithm that represents the state-of-the-art for online map 
matching of noisy and sparse data. 

The next section describes the online map matching 
algorithm that is used as the baseline. Section III presents the 
proposed heuristic optimizations. Section IV presents the 
experimental setup and the evaluation results. Section V 
summarizes and concludes the paper. 

II. THE BASELINE ALGORITHM 

Let 𝑜𝑡 denote a location observation, consisting of the 
measured latitude and longitude of a moving vehicle, at time 
step 𝑡. Let 𝐺 =  (𝑉, 𝐸) be a road network where 𝑉 is a set of 
nodes (road intersections) and 𝐸 is a set of edges (road 
segments). Each road segment in the road network has a 
number of attributes such as length and free-flow travel time. 
The shape of the road segment is represented as a piecewise 
linear curve using a sequence of latitude-longitude pairs.  

Formally, the objective of map matching is to match a 
sequence of 𝑇 location observations 𝑜1, … , 𝑜𝑇 to a sequence 
of 𝑇 road segments 𝑒1, … , 𝑒𝑇. However, these road segments 
may not form a connected sequence, especially if the time 
interval between the location observations is large. For the 
output to be of practical use, the gaps between each pair of 
road segments in the sequence should be interpolated with the 
road segments that make up the shortest path between them. 
We consider this interpolated sequence of road segments, 
which form the complete reconstructed path of the moving 
vehicle, as the output of map matching. 

The baseline map matching algorithm used as a reference 
in this paper is based on the HMM approach and incorporates 
optimality-preserving techniques from the literature for 
reducing the runtime and latency. A brief description of the 
algorithm is provided below. 

For each location observation, the closest point on each 
road segment that lies within a certain error range is 

considered as a state in the HMM. We denote the 𝑘𝑡ℎ state at 

time step 𝑡 as 𝑠𝑡,𝑘. The observation probability 𝑃(𝑜𝑡|𝑠𝑡,𝑘) 

represents the probability of a vehicle on the road segment 
corresponding to state 𝑠𝑡,𝑘 generating the observation 𝑜𝑡. The 

observation probability is defined as a Gaussian function of 
the distance between the observed location and the state. 

𝑃(𝑜𝑡|𝑠𝑡,𝑘) =
1

𝜎√2𝜋
𝑒

− 
𝑑𝑔(𝑜𝑡,𝑠𝑡,𝑘)

2

2𝜎2                                     (1)   



  

where 𝑑𝑔(𝑜𝑡 , 𝑠𝑡,𝑘) is the great-circle distance between 𝑜𝑡 and 

𝑠𝑡,𝑘 and 𝜎 is the estimated standard deviation of the location 

measurement error. 

We calculate the transition probability 𝑃(𝑠𝑡,𝑘|𝑠𝑡−1,𝑗)  
between states 𝑠𝑡−1,𝑗 and 𝑠𝑡,𝑘  based on the model proposed in 

our previous work on map matching noisy and sparse location 
data [11]. The probability of transitioning from one state to 
another depends on the shortest path between them. In our 
work, the shortest path is computed based on the travel time 
metric. The shortest paths from a state to all the states in the 
next time step is computed through a single shortest path tree 
computation using Dijkstra’s algorithm [12]. As proposed in 
[7], the search space of Dijkstra’s algorithm is bounded by the 
distance that can be travelled at the maximum possible speed 
of 50 m/s (180 km/h) within the given time interval. It is worth 
clarifying that although the shortest path is computed based 
on the travel time metric, the distance from the source is also 
stored in order to limit the search space. 

For the shortest path between states 𝑠𝑡−1,𝑗  and 𝑠𝑡,𝑘, we 

quantify its circuitousness and temporal implausibility using 

the functions 𝑦(𝑠𝑡−1,𝑗 , 𝑠𝑡,𝑘) and 𝑧(𝑠𝑡−1,𝑗, 𝑠𝑡,𝑘), respectively. 

These functions are defined as follows: 

𝑦(𝑠𝑡−1,𝑗, 𝑠𝑡,𝑘) =
𝑑𝑑(𝑠𝑡−1,𝑗 , 𝑠𝑡,𝑘) − 𝑑𝑔(𝑠𝑡−1,𝑗, 𝑠𝑡,𝑘)

𝛥𝑇
        (2) 

𝑧(𝑠𝑡−1,𝑗, 𝑠𝑡,𝑘) =
𝑚𝑎𝑥 ((𝑓(𝑠𝑡−1,𝑗 , 𝑠𝑡,𝑘) − 𝛥𝑇), 0)

𝛥𝑇
         (3) 

In the above equations, 𝑑𝑑(𝑠𝑡−1,𝑗 , 𝑠𝑡,𝑘) is the driving 

distance, 𝑑𝑔(𝑠𝑡−1,𝑗 , 𝑠𝑡,𝑘) is the great-circle distance and 

𝑓(𝑠𝑡−1,𝑗, 𝑠𝑡,𝑘) is the free-flow travel time, respectively, 

between states 𝑠𝑡−1,𝑗 and 𝑠𝑡,𝑘. 𝛥𝑇 is the elapsed time, in 

minutes, between time steps 𝑡 − 1 and 𝑡. The measure of 
temporal implausibility in (3) indicates how unlikely it is for 
a vehicle to drive through the path within the time interval 𝛥𝑇. 
Based on analysis of data from real drives, which suggests 
that circuitous and temporally implausible paths are less 
likely to be taken by vehicles,  the transition probability is 
defined as 

𝑃(𝑠𝑡,𝑘|𝑠𝑡−1,𝑗) = 𝜆𝑦𝑒−𝜆𝑦𝑦(𝑠𝑡−1,𝑗,𝑠𝑡,𝑘) 𝜆𝑧𝑒−𝜆𝑧𝑧(𝑠𝑡−1,𝑗,𝑠𝑡,𝑘)   (4) 

where 𝜆𝑦 and 𝜆𝑧 are parameters to be estimated. 

In a HMM, the joint probability between a state sequence 
𝒔1:𝑇

′ = {𝑠1
′ , … , 𝑠𝑇

′ } and an observation sequence 𝒐1:𝑇 =
{𝑜1, … , 𝑜𝑇} is given by 

𝑃(𝒔1:𝑇
′ , 𝒐1:𝑇) = 𝑃(𝑜1|𝑠1

′ ) ∏ 𝑃(𝑜𝑡|𝑠𝑡
′)𝑃(𝑠𝑡

′|𝑠𝑡−1
′ )

𝑇

𝑡=2

        (5) 

Among the many possible state sequences in the HMM 
trellis graph, the most-likely one with the maximum joint 
probability is efficiently found using the Viterbi algorithm. 
For each state in the trellis graph, the Viterbi algorithm stores 
a back pointer pointing to the state in the previous time step 
that is part of the most-likely sequence ending at the former 
state. Starting with the final time step, the most-likely 
sequence is retrieved in the reverse order by following the 

chain of back pointers. However, waiting until the final time 
step before generating the output results in a high latency.  

To reduce the latency of the Viterbi algorithm without any 
loss of accuracy, the baseline algorithm uses an optimization 
based on the concept of reachability between states through 
back pointers [13], which was applied for map matching in [3]. 
This optimization involves checking if following the chain of 
back pointers from each state at the current time step leads to 
the same state at any past time step. Such a state, where the 
chains of back pointers converge, is known as a convergence 
state.  For example, in Figure 2, tracing back along the back 
pointers from any of the states in time step 4 leads to the 
convergence state 𝑠2,2 in time step 2. As all the states at time 

step 4 point to the state 𝑠2,2 as their ancestor in the most likely 

sequence, the sequence up to 𝑠2,2 cannot be altered by events 

occurring after time step 4. It therefore follows that the partial 
sequence up to the convergence state can be output without 
compromising optimality. This optimization enables the 
baseline map matching algorithm to generate a partial output 
each time a convergence state is detected and thus helps to 
keep the output latency low.  

III. HEURISTIC OPTIMIZATIONS 

To further reduce the computation time and output latency 
of online map matching, we propose the following heuristic 
optimizations.  

A. Pruning of Low-Probability States in the HMM 

In the HMM, the number of states per time step can be 
high, especially when the error range of the location 
measurements is large. However, many of the states typically 
have very low probability of being the true state given the 
history of location observations up to that time step. Such 
states can be pruned from the HMM Trellis graph without 
incurring any significant loss of accuracy. By not evaluating 
the transitions from such states, the total number of shortest-
path tree computations can be reduced. Besides reducing the 
computation time, pruning of low-probability states also helps 
to reduce the output latency by discarding unlikely state 

 
Figure 2.  An example of the convergence of back pointer chains in the 

Viterbi algorithm. The state 𝑠2,2 in this figure is a convergence state.  

 



  

sequences and thereby causing the convergence of the back 
pointer chains in the Viterbi algorithm to occur earlier. 

The joint probability of the state 𝑠𝑡,𝑘 at time step 𝑡 and the 

observation sequence 𝒐1:𝑡 = {𝑜1, … , 𝑜𝑡} is denoted as the 

forward probability 𝛼𝑡(𝑠𝑡,𝑘), which can be recursively 

calculated as follows. 

𝛼𝑡(𝑠𝑡,𝑘) = 𝑃(𝑜𝑡|𝑠𝑡,𝑘) ∑ 𝑃(𝑠𝑡,𝑘|𝑠𝑡−1,𝑗)

𝑁𝑡−1

𝑗=1

𝛼𝑡−1(𝑠𝑡−1,𝑗)   (6) 

where 𝑁𝑡−1 is the number of states at time step 𝑡 − 1.The 
forward probability for the first time step is initialized as 

𝛼1(𝑠1,𝑖) = 𝑃(𝑜1|𝑠1,𝑖), for all 𝑖.  

We aim to prune the low-probability states and exclude 
them from further computation. The states to be pruned at each 
time step are identified by comparing their forward 
probabilities with that of the state with the highest forward 
probability at that step. A state 𝑠𝑡,𝑘 is pruned if the following 

inequality is satisfied: 
𝑚𝑎𝑥𝑖(𝛼𝑡(𝑠𝑡,𝑖))

𝛼𝑡(𝑠𝑡,𝑘)
> 𝜃, where 𝜃 is a 

parameter to be empirically set. When pruning is performed 
based on the above criterion, the number of states retained for 
further computation at each time step is obviously not fixed, 
but varies depending on the situation.  

B. Geometric Pruning of the Shortest Path Search Space 

The baseline map matching algorithm computes a shortest 
path tree, bounded by a distance based on the maximum 
possible travel speed, starting from each candidate road 
segment at each time step in order to determine the respective 
shortest paths to all the candidate road segments at the next 
time step. In most practical scenarios, the shortest path search 
space can be reduced substantially by adopting a geometric 
pruning approach. For computing the shortest path between a 
single source and a single destination, confining the search to 
an elliptical region is known to be the best choice, even when 
the link costs (e.g. travel time) vary dynamically [14]. In this 
work, we extend the elliptical pruning technique to the single-
source multiple-destination case. 

In the map matching context, all the destinations targeted 
by a one-to-many shortest path tree computation lie within an 
error radius of an observed location measurement. We limit 
the shortest path search to nodes (i.e. end points of road 
segments) that lie within an ellipse, whose focal points lie at 
the source of the shortest path tree computation and the 
observed location measurement, which is the center of a 
circular error region containing the destinations. The ellipse 
is constructed such that it encompasses all the destinations, 
including those that lie closer to the circumference of the error 
region, as well as the shortest paths to them from the source.  

Let the state 𝑠𝑡,𝑘, which represents an on-road location, be 

the source from which a shortest path tree computation needs 
to be carried out. Let 𝑜𝑡+1 be the location observation 
corresponding to the next time step. Let 𝑅 be the radius of the 
error region with 𝑜𝑡+1 as its center. Based on the above, the 

focal points of the ellipse are 𝑠𝑡,𝑘 and 𝑜𝑡+1. During the shortest 

path search based on Dijkstra’s algorithm, a node 𝑣 is 
explored only if the sum of the great-circle distances from it 
to the two focal points of the ellipse is equal to or less than a 

certain value 𝑄𝑡,𝑘 (i.e. 𝑑𝑔(𝑣, 𝑠𝑡,𝑘) + 𝑑𝑔(𝑣, 𝑜𝑡+1)  ≤ 𝑄𝑡,𝑘). We 

define 𝑄𝑡,𝑘 as  

𝑄𝑡,𝑘 = 𝛾. (𝑅 + 𝑑𝑔(𝑠𝑡,𝑘 , 𝑜𝑡+1)) + 𝑅                                   (7) 

where 𝛾 is a parameter to be empirically set. The ellipse thus 
formed always encompasses all the targeted destinations 
irrespective of the distance between the focal points. It needs 
to be noted that the eccentricity of the ellipse used for pruning 
the search space is not fixed, but depends on the distance 
between the source and the center of the error region 
containing the destinations as illustrated in Figure 3.  

C. Heuristic Early Generation of Partial State Sequences 

The baseline algorithm outputs an optimal partial state 
sequence when it detects a condition in which the chains of 
back pointers from all the states at the current time step 
converge at a state corresponding to a past time step. However, 
in many situations, the partial state sequences can be generated 
with reasonable confidence even before the convergence 
condition is detected, thus reducing the output latency. To 
enable this, we use an adaptation of the approach proposed by 
Narasimhan et al [13], who applied it to the problem of 
spotting contact information in large documents. 

We calculate the normalized forward probabilities 
associated with each state at time step 𝑡 as 

�̅�𝑡(𝑠𝑡,𝑘) =
𝛼𝑡(𝑠𝑡,𝑘)

∑ 𝛼𝑡(𝑠𝑡,𝑖)
𝑁𝑡
𝑖=1

                                                     (8) 

where 𝛼𝑡(𝑠𝑡,𝑘) is the forward probability of the state 𝑠𝑡,𝑘  

given by (6) and 𝑁𝑡 is the number of states at time step 𝑡. We 

define a reachability function 𝛿̅ between the state 𝑠𝑡,𝑘 at time 

step 𝑡 and the state 𝑠𝑡−𝑚,𝑗 at a past time step 𝑡 − 𝑚, 𝑚 ≥ 1, to 

indicate if the latter state is reachable from the former through 
a chain of back pointers.  

𝛿̅(𝑠𝑡,𝑘 , 𝑠𝑡−𝑚,𝑗) = {
1  if 𝑠𝑡−𝑚,𝑗  is reachable from 𝑠𝑡,𝑘 

0  otherwise
    (9) 

Based on the location observations 𝒐1:𝑡 received up to 
time step 𝑡, the probability that state 𝑠𝑡−𝑚,𝑗 at time step 𝑡 − 𝑚 

is on the eventual most likely state sequence is estimated 

using the score ℎ(𝑠𝑡−𝑚,𝑗 , 𝒐1:𝑡) given below. 

ℎ(𝑠𝑡−𝑚,𝑗, 𝒐1:𝑡) = ∑ �̅�𝑡(𝑠𝑡,𝑘)

𝑁𝑡

𝑘=1

𝛿̅(𝑠𝑡,𝑘 , 𝑠𝑡−𝑚,𝑗)              (10) 

 
Figure 3.  Geometric pruning of the shortest path tree search space. The 

eccentricity of the ellipse varies with the distance between the source and the 

center of the circular region containing the destinations. In the ellipses shown 

above, the parameter 𝛾 is set to 1.1. 



  

The score ℎ(𝑠𝑡−𝑚,𝑗, 𝒐1:𝑡) of state 𝑠𝑡−𝑚,𝑗  will be equal to 1 

(and the scores of all the other states at time step 𝑡 − 𝑚  will 
be equal to 0) if 𝑠𝑡−𝑚,𝑗 is a convergence state (i.e. all the states 

at time step 𝑡 point back to 𝑠𝑡−𝑚,𝑗). However, we heuristically 

generate partial state sequences before a convergence state is 
found. This is based on the idea that if the probability of a state 
being on the eventual most likely sequence is much higher than 
that of all the other states for any time step, then the partial 
state sequence up to that time step can be generated with little 
chance of it being invalidated by future events. In our proposed 
solution for online map matching, we generate the partial 
output up to the state 𝑠𝑡−𝑚,𝑗 (corresponding to a past time step 

𝑡 − 𝑚) if its score ℎ(𝑠𝑡−𝑚,𝑗, 𝒐1:𝑡) is greater than an empirically 

determined threshold 𝜏.  

IV. EVALUATION 

A. Experimental Setup 

 For our experiments, we use noisy location sequence data 
collected on Singapore roads through 20 taxi rides covering a 
distance of 421 km. An Android smartphone-based application 
that determines the location based on cellular network 
positioning was used for recording the data at the rate of 1 
sample per second. The corresponding ground truth locations 
and the travelled paths were determined using relatively-
accurate Global Positioning System (GPS) data that was 
separately recorded during the taxi rides.  

The parameters of the baseline map matching algorithm 
are set based on the analysis of ground truth data. The standard 
deviation 𝜎 of the location measurement error is estimated to 
be 382 m. The error range of the location measurements 𝑅 is 
set to be 4 times the standard deviation. The parameters 𝜆𝑦 and 

𝜆𝑧 in the transition probability model are set to 0.01 and 5, 
respectively. In our experiments, the parameters in the 
heuristic optimization methods are set conservatively in order 
to minimize the loss of accuracy. The parameter 𝜃 used for 
pruning the low-probability states in the HMM is set to 100. 
The parameter 𝛾 that determines the size of the elliptical search 
area is set to 1.1. The threshold 𝜏 used for the early generation 
of partial state sequences is set to 0.9. 

We evaluate the effectiveness of the proposed heuristic 
optimizations by comparing the following three solutions with 
the HMM-based baseline algorithm described in Section II. 

1. Solution A, which is the baseline algorithm plus the 
pruning of low-probability states in the HMM. 

2. Solution B, which is Solution A plus the geometric 
pruning of the shortest path search space. 

3. Solution C, which is Solution B plus the heuristic early 
generation of partial state sequences. 

For evaluating the map matching accuracy, we use the F-
measure, which is the harmonic mean of precision (the 
proportion of the map matched output path that is correct) and 
recall (the proportion of the true path that is map matched). As 
the computation times of the map matching algorithms are 
mainly determined by the amount of shortest path computation 
involved, we evaluate the latter. The running times of shortest 
path algorithms,  such as Dijkstra’s algorithm that we use, are 
a function of the number of nodes visited during the shortest 
path search. Therefore, we express the computational effort in 
terms of the total number of nodes visited instead of the 
absolute running times, which are implementation-dependent. 
The output latency of the map matching algorithms is 
expressed in terms of the number of time steps. 

B. Results 

A comparison of the map matching accuracy for sampling 
intervals ranging from 1 to 5 minutes is shown in Figure 4. The 
solutions that include the proposed optimizations (with the 
parameters set as stated above) achieve almost similar 
accuracies compared to the baseline algorithm. In fact, in some 
cases, the heuristic optimizations produce a slight increase in 
accuracy. This is because, due to the differences in the output 

 

 
Figure 5.    Evaluation of the shortest path computation effort, which 

determines the speed of map matching. The pruning of the low-probability 
states in the HMM substantially reduces the total number of shortest path 

tree computations needed (top). The geometric pruning technique (present in 

Solutions B and C) further reduces the total number of nodes visited during 
the shortest path search (bottom). 

 

 

 
Figure 4.   Evaluation of the map matching accuracy. The proposed heuristic 

optimizations do not incur any significant loss of accuracy compared to the 

baseline algorithm. 

 

 



  

latencies, the last portion of each travelled path that is left 
unmatched varies for each solution. This causes the lengths of 
the map matched paths to be different, thus resulting in small 
variations in the accuracy. Solution B has the same accuracy 
as Solution A in all the cases, which shows that the geometric 
pruning technique used in the former does not cause any loss 
of optimality.  

 Figure 5 shows the effect of the heuristic optimizations on 
the amount of shortest path computations. The pruning of low-
probability states in the HMM (present in Solutions A, B and 
C) eliminates up to 85% of the shortest path tree computations. 
The total number of nodes visited during the shortest path 
searches increases with the sampling interval for the baseline 
algorithm and Solution A, both of which limit the search space 
based on the maximum possible distance that can be travelled 
within the sampling interval. On the other hand, Solutions B 
and C, which include the geometric pruning method, visit a 
smaller and almost constant number of nodes. It is worth 
clarifying that while longer sampling intervals generally 
involve the computation of longer shortest paths and hence 
require a larger number of nodes to be visited, they also result 
in a fewer number of location samples and thus fewer shortest 
path tree computations. It is evident from the results that the 
geometric pruning method, which limits the search space to an 
elliptical area just enough to cover the source and the 
destinations, avoids wasteful exploration of irrelevant nodes. 

As shown in Figure 6, the heuristic optimizations achieve 
significantly lower mean latencies for all the sampling 
intervals compared to the baseline algorithm. Solution C, 
which includes the heuristic early generation of partial state 
sequences, can be made to achieve even lower mean latencies, 
at the cost of some accuracy, by setting the threshold 𝜏 lower. 
Figure 7 shows the overall accuracy loss and mean latency 
values observed for different values of 𝜏 with the results for all 
the sampling intervals combined.  

V. CONCLUSIONS 

We have presented several heuristic techniques for 
improving the efficiency of probabilistic map matching 
algorithms that involve applying the Viterbi algorithm on a 
HMM or similar trellis graph. Tests conducted with real-world 
cellular network positioning data show that a substantial 
reduction in the computation time can be achieved by 
heuristically pruning unlikely states in the probabilistic model 
and irrelevant nodes in the shortest path computations. The 
results also suggest that the output latency of online map 
matching algorithms can be maintained at low levels by 
generating partial outputs, based on a probabilistic estimate, 
before they are finalized by the Viterbi algorithm. The findings 
are especially important for map matching noisy and sparse 
location data, which typically involve evaluating a large 
number of highly improbable hypotheses. As part of future 
work, we intend to explore the possibility of further improving 
the efficiency of the proposed optimizations by dynamically 
varying the parameters in a situation-aware manner.  
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