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Abstract: Aiming at the problem that traditional vehicle trajectory matching algorithms based on hidden Markov model (HMM) cannot
have both accuracy and time efficiency in complex and special road sections, a vehicle trajectory matching method based on improved
HMM modeling was proposed. In the determination of candidate road sections, grid index was generated to improve the overall retrieval
efficiency. The improved HMM model integrated heading angle factors in the calculation of launch probability, considered the deviation
effect caused by vehicle speed on heading angle, and set empirical factors for adjustment. At the same time, considering the factors such as
the excessive error of the observation value before and after and the curve section, the actual travel distance of the vehicle within the unit
sampling interval was used instead of the observation distance value to ensure the accuracy of the calculation of the transfer probability.
Finally, the measured data was used to conduct experiments to verify the performance of the improved algorithm. The experimental results
indicated that the matching accuracy of this method was about 94.0% , which was 2.8% higher than that of the traditional HMM trajectory
matching method. It also had certain advantages in improving time efficiency and matching accuracy of complex road sections. The single-

point matching time was reduced by about 0.9 ms, suitable for matching under complex road conditions such as intersections, overpasses,

and parallel sections.
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0 Introduction

GPS-based positioning technology has been widely
used in services related to vehicle location in the field of
intelligent transportation with the advantages of
stability, reliability, and accuracy. Due to the complex
urban road network and the multipath effect caused by
the occlusion of high-rise tunnels, the positioning data is
affected by noise and deviates from the correct driving
section. The map matching algorithm aims to correct the
uncertainty by establishing the connection between the
spatial road network map data and the vehicle trajectory.
The interference error caused by factors can accurately
match the position of the vehicle to the driving section,
and provide basic support for real-time navigation,
trajectory, and traffic flow analysis' . Researchers have
used different technologies to develop many map
matching algorithms for their application requirements,
such as topological analysis™', curve fitting”, D-S

[6.7] 8.9]

evidence theory® ", and machine learning methods!

The application of advanced technology in the map has
improved the performance of these algorithms, but as
the complexity of the algorithm increases, the overall
efficiency has declined™"'".

According to different application scenarios, various
algorithms have their own advantages and disadvantages.
It is necessary to weigh the two factors of time efficiency
and matching accuracy. Therefore, it is a key issue to
propose an efficient and accurate map matching algorithm.
With the wide application of the hidden Markov model
(HMM) -based map matching algorithm proposed by
Newson et al."™, the HMM provides a new idea in the
solution of the trajectory matching problem. Luo et al."*and
Hsueh et al."* used low-frequency sampling data and HMM
for modeling and matching. It has good applicability to
sparse trajectories, but the model is not flexible and it is
difficult to introduce other sensor information. Yuan et al."”
added an interactive voting link on the basis of the STM
algorithm, and considered the correlation between

observation points globally to reduce the complexity of the
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algorithm. Song et al."® combined the driver preference
algorithm to improve the HMM algorithm to further ensure
the accuracy of vehicle trajectory matching under low
sampling frequency. Wu et al."” used genetic algorithm to
optimize the process of Viterbi solving the maximum
likelihood, and improved the matching accuracy. Che

et al.['¥

proposed an enhanced hidden Markov mapping
matching (EHMM) model, which used explicit topological
expressions and introduced historical FCD information and
traffic rules to optimize overall performance. Goh
et al."proposed an online trajectory matching method
based on HMM. In the calculation of the launch probability,
the road topology relationship and the temporal and spatial
characteristics of the positioning data were considered , and
the support vector machine method was used in the
calculation of the state transition probability. Finally, the
matching result was output in real time through the variable
sliding window. Jagadeesh et al.”” introduced the idea of
driver path selection and proposed an improved HMM
online map matching algorithm that achieved good results
in a high-noise environment. Aguchi et al.”"'used historical
trajectory data to train a probabilistic route prediction
model, and replaced future GPS points with the
probabilistic route prediction model to solve the delay
problem of the matching process. Due to the increasingly
developed urban road network, the complexity of
application scenarios puts forward higher requirements on
the matching algorithm, so the environmental impact
should be considered in the algorithm implementation'®.
Many scholars took the complex urban environment as an
entry point to study matching strategies suitable for more
application scenarios™® |

However, these methods are optimized based on the
basic premise of the shortest driving path between the two
positioning points, which cannot describe the specific
changes of the road section. Therefore, it will reduce the
actual travel route of the vehicle, especially the matching
accuracy at the curved road section. The impact of the real-
time running speed of the vehicle on the model parameters
is not considered, which leads to the problem that the
matching efficiency and accuracy cannot be balanced. It is
not applicable to the matching of complex road sections such
as intersections and overpasses.

The traditional vehicle trajectory matching method
based on HMM is no longer based on the hypothesis of
the traditional shortest path rule, but it is calculated
based on the ratio of the distance between the vehicle’ s
actual traveling distance and the candidate point. It is
used as the probability calculation of the actual before
and after, so as to ensure the accuracy of the distance

calculation between adjacent observation points and
improve the overall matching accuracy. Considering the
influence of the heading angle factor and the vehicle
speed on the heading angle deviation, the calculation of
the optimal launch probability was adjusted by setting
factor. multiple sets of

the empirical Finally,

experiments were set up to verify the algorithm.

1 Vehicle trajectory matching method
based on HMM

Generally, the collected vehicle trajectory data to be
matched is a known observation sequence, and the road
section that the vehicle actually passes is an unknown
hidden state. Using HMM to model and solve the
problem of the vehicle’s true driving trajectory sequence
is equivalent to the known observation sequence and the
relevant parameters of the model to obtain the maximum
probability matching state sequence. As shown in Fig.1,
the vehicle positioning data to be matched is regarded as
an observation value, and its corresponding multiple
candidate road sections are implicit states. The model
parameters included initial distribution, emission
probability B

observation value was corresponded to the implicit state.

.;» and state transition probability A,;. Each
The state has its own emission probability, which also
represents the probability that the model will obtain each
observation from the current state. And the state
transition probability was the probability of the model
hidden which
represented the vehicle passing between the actual road

transitioning  between the states,
sections. The initial state probability is the probability of
the appearance of each state at the initial moment, which

is determined by the initial positioning point.

Trajectory sequence V-1 N N+1

Candidate

road section

Fig.1 Map-matching method based on HMM

The traditional HMM-based vehicle trajectory matching
method"? only considers the shortest distance to calculate
the launch probability. Although some scholars consider the
direction angle and other factors, the influence of vehicle
speed on its deviation is not considered. When calculating
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the adjacent distances of observation points, the influence
of curved road sections and large deviation observations is
not considered, which will affect the overall matching
accuracy. Especially for complex road conditions such as
intersections, the matching time will be prolonged and the

matching time efficiency will be reduced.

2 Improved HMM vehicle trajectory
matching method

The method proposed in this paper mainly included three
parts: data preprocessing, candidate road section selection,
and trajectory matching. The overall algorithm flow is
shown in Fig.2. The data preprocessing part included the
establishment and generation of the electronic map grid
index, and the candidate road sections were retrieved and
selected by introducing the error confidence ellipse. The
improved HMM vehicle trajectory matching method
included the determination of the initial distribution, the
calculation of the launch probability based on the direction
and distance weights, and the calculation of the state
transition probability considering the curvature of the road
section. Finally, it was solved by the Viterbi algorithm to
obtain the best matching result of the vehicle trajectory for
output.

Start

| Obtain GPS irack data |

v

Establish a directed graph of
the road network and generate
a gird index

| Establish a confidence zone |

v

| Retrieve line topology |

Generale a sel of candidate
road segments

v

Determine initial distribution
probability

v

Calculation of state transition
probability considering
curvature of road section

!

Viterbi algorithm to find the

best maiching trajectory

| Output of matching results |

End

Fig. 2 Flow chart of map matching algorithm for improved
HMM modeling

2.1 Road network data index generation

The road network data in shapefile format was read, the
relevant information of the road network of the vehicle was
obtained, and a directed graph of the road network was built
to describe it. Before trajectory matching, it was necessary
to obtain candidate road sections with current location
information. If the road network data was inquired every
time, it was effective but the matching time was inefficient.
First, the road map information was divided into
corresponding number of grids, and then the road section
information contained in each grid was analyzed and
calculated in advance. This method could effectively and
quickly obtain the candidate road sections of the current
positioning point, and improve the overall time efficiency
of the matching process.

2.2 Selection of candidate road sections

As shown in Fig.3, the processing of the candidate road
section is completed by establishing an error confidence area
based on GPS positioning data and analyzing the topological
relationship with the candidate road section. Construct an
error ellipse for road segment retrieval, and set the current
anchor point coordinate to (x,y) in the Gaussian plane

coordinate system.

\

Fig. 3 Candidate area of road segment based on error ellipse

Taking the original positioning point as the center of the
error ellipse, its parameters can be described as

’

7/a;? + o)+ (6! — o))+ do),
a=o 5

b_ag/aeraf (:— a0V T40, (1
, 2 ’

b= {n — arctan ( 7220” 5 )},

o, — o,
where a, b, ¢ are the error ellipse length, radius, and the

deflection angle, respectively; o/ and o/ are the east and
north measurement error variances of the positioning point



238 Journal of Measurement Science and Instrumentation

Vol. 15 No. 2, Jun. 2024

(x,y); 0., is the covariance, the value of which can be
directly obtained by the measurement equation solved by
GPS positioning; o, is the posterior variance of the unit
weight, and the o, change caused by different credibility can
adjust the size of the road segment retrieval area.
The current anchor point (z;,y;) and the midpoint
(x.,y;)of the candidate road section need to satisfy
(2, —a)cos ¢+ (o — v )cos ¢ I n
aZ
[(xp — ;) cos ¢ ;(ybz‘ —y;)sing <1
The set of candidate road sections could be obtained
through the calculation of Eq. (2) .

(2)

2.3 Vehicle trajectory map-matching method
based on improved HMM modeling

2.3.1 Calculation of state transition probability
The state transition probability represented the transition
probability between the two hidden states before and after.
The traditional HMM trajectory matching method is mainly
calculated by the distance between the two observation
trajectory points and the distance between the two hidden
states before and after the real road section.
_ ||Or — O, 1||di>

||r[ 7 ermme

a;=P(q 1 =rlq=r) SN )

where [|O,— O,. ||| represents the distance between the
front and back observations, and |[r, — ;|| is the distance
between the two candidate points corresponding to the
real route.

However, there are measurement errors in the
positioning points at road intersections or curved road
sections. It will lead to the wrong match of the position of
the vehicle on the curved road section by using the ratio
of the distance between the two observation points to the
distance of the corresponding candidate road section as
the state transition probability.

As shown in Fig. 4, when the vehicle travels to the
intersection, there are three candidate road sections. If
the actual road section was route 1, its length was L.
The straight line distance L between the front and back
observation points O, and O; is affected by the error
factor. The ratio of the distance between two candidate
points L, on the road segment as the state transition
probability will lead to the error of the position of the
vehicle on the curved road segment, and the efficiency of
matching time will be reduced.

Therefore, the ratio of vehicle driving distance within
the unit sampling interval to the distance between the
front and back candidate sections is used as the transfer

probability. As shown in the Eq. (4), in the calculation
of the distance between the front and rear observation
points, the inaccurate measurement is avoided due to the
influence of error factors, and the actual travel distance
of the vehicle within the unit sampling interval is used
instead of the observation distance value. To a certain
extent, it can make the calculation of state transition

probability in the model more accurate.
v, As - v /f

||r1 7 r]”roule ||ri7 r_/Hrome

ay=P(g. 1 =rlg.=r) L(4)

where f is the sampling frequency of the device, and v, is
the average speed of the vehicle traveling on the current

road section.

Route 1

Route 3
Fig.4 Schematic diagram of intersection positioning point

2.3.2 Calculation of observation state probability

In the traditional HMM map matching algorithm, the
emission probability is usually calculated by measuring
the distance from the observation point to the candidate
road section. The smaller the probability, the greater the

Zassumed the normal distribution

probability. Newson'
and used the Gaussian density function to express the

corresponding emission probability, as shown in Eq. (5) .

1 o= P
e ¥, (5

b_,(/e):P((),: 0/<|(]r: 7’]):

270
where ¢ is the standard deviation, which is determined
based on the error measurement error of the actual
equipment, and |[lo,—r) represents the projection
distance from the actual measurement value to the
candidate road section.

1.™) calculated the ratio of the distance from

Lou et a
the current observation to the candidate road section and

the total distance as the emission probability by

[)J(/g):P((),:(),Jq,:rj): }1/6[(0&97’/') , (6)

2(1/d(()/g9r1))

i=1

where d(o0,—r;) is the distance from the current

observation point to the candidate road section.
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Both of the above methods use a single distance factor
to calculate the launch probability. Usually under special
road conditions such as intersections and overpasses,
these methods may affect the calculation efficiency of the
probability. Only matching them to the nearest road
section 1s not conducive to real-time discrimination.
Therefore, the variation of the heading angle and the
deviation of the speed on the heading angle were
considered, and the adjustment was made by setting the
experience factor in this paper.

Calculate the angle between the current positioning
point (x;,y,) and the north direction, that is, the GPS
heading angle a,, which is directly obtained by the
device. The direction of the candidate road segment is
specified as

%— arctan(yl),x,> 0,

Bn= (7

3w Vi
7*arctan — |, x,<<0.

i

The larger the direction deviation value, the smaller
the weight function value, and W is set as

W,=w,cos(Ag)=
), la, — B,
) |, — B,

where A¢ is the direction deviation; w, is the speed

< T,
>,

wy cos (|a, — B,

®)

wy cos (2m — ‘ a,— f.,

deviation threshold. Considering the different speeds of
vehicles, the obtained heading angle has a certain
deviation, thatis

0, V<V
w¢= 0,4, Vlow < V< Vmi(ly (9)
0.8, V>V,

where V is the vehicle speed; V), and V, are the set
low-speed and medium-speed measurement thresholds,
respectively, which are determined by multiple
experiments according to the vehicle’ s real-time speed
and the heading angle deviation range obtained by the
GPS receiver.

The observation state probability obtained by
combining the distance factor and the heading angle
factor is shown as

W+ W,
wW=—""1 (10)
2
where W, represents the weight function of the distance
deviation between the current GPS positioning point and
the candidate road section, and W, represents the weight

function of the deviation between the GPS heading angle

and the direction of the candidate road section, W, and
w,el0,11].
2.3.3 Viterbi algorithm to calculate maximum likelihood
driving section

The process of solving the best matching road section
through the hidden Markov model is mainly to gradually
solve the state sequence ¢,7&(1,m) of the best
matching of the observation sequence through the known
parameters A=[ A,B,x | and the observation sequence
0,t€(1,M ). First, given the GPS

sequence o0y,-+*,0,**,0,, as shown in Eq. (11), the

observation

maximum probability matching sequence is
P (matching sequence )=
Max { P(q1, G ,(1,,,|01, e 0,00, 0, ) },
g€V, 1<</<<M. (11)
According to the definition of conditional probability
in probability theory, the states of the hidden state

sequence are independent of each other, as can be seen
from Eq. (12) .

Pqi, -, qu e qulor, o000 0,)=
P(th' th'“ 7(]7117017“' yOpy 0t ’()1/1)
)
Ploy,...,0,...,0,) (12)

g€V, 1<<r<<M.

Since each state of the hidden state sequence is
independent, and the observed values of the trajectory
are also independent of each other. Then Eq. (12) can be

transformed into

P(qh“'7C[/a”'7q;11‘017“'70/7'”70111):
Pgu G Q1501500005000 ,0, 1) X
P(Q/n‘qu'“7(11‘7“'a(Jm*I’()l»“'a()/’“'y()mfl)x (13)
P(0m|q17'"szv'"va 1,01, 5,045 ,0, 1)-

Due to the special nature of the hidden Markov

model, at any moment, the value of the track
observation point corresponds to the real road section
state sequence, and has nothing to do with other state
variables and observations. And the state ¢, at time ¢
depends on the state at the previous time 7 — 1, then the

Eq. (15) can be obtained.

P(qlqi, =+ .q. )= P(qlq, 1), ¢.€ V,1<<t<<M,(14)

P(olgi, =+ .q—1,q,01,-+,0,1)=P(olq,),

g€V, 1<r<<M. (15)

Substituting Eqgs. (14) and (15) into Eq. (13), the
Eq. (16) can be obtained.

MaX{P(([l,"',(]m"‘

»(Im‘()ly 504500, 0, )} -
m

MaX{P(qo)H(P((]J% 1)P(01|Qz))}, (16)

=1
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where g, is the initial state; ¢,,£&(1,m ) is the real road
section state sequence; and o,7&(1,m) is the actual

observation sequence.
3 Results and discussion

3.1 Experiment

The proposed algorithm was verified by taking part of the
road network in a certain place as the experimental
environment. The GPS receiver was used to collect vehicle
trajectory data, the total length was about 15 km, the
sampling frequency was set to 1 Hz, a total of 3 000 data
points and the collected data included information such as
location, vehicle speed, and time stamp. The road network
data was obtained on Openstreet and contained 2 500 road
section information. Fig.5 shows the road network data
displayed in Google earth and the measured vehicle
trajectory data collected. The proposed algorithm was
programmed in Python language and displayed visually
through ArcGIS software. Finally, the matching accuracy
and time efficiency were compared with curve fitting
trajectory matching method, D-S evidence theory
trajectory matching method, and traditional HMM map
matching method.

7 Intersection 1l

3 5

Fig.5 Measured vehicle trajectory data

3.2 Discussion

Generally, there are two kinds of indicators to

measure the excellent trajectory matching algorithm.

C
CMP,= "X 100%, 17
v % (17)

P
where C, is the number of track points that are correctly
matched, and M, is the total number of track points to be

matched.

-

s

CMP,=—>x100%, (18)

where C, is the number of road segments that matched
correctly, and M. is the total number of road segments to
be matched.

In this paper, Eq. (17) is chosen to calculate the
accuracy rate. As can be seen from the statistical results
in Table 1, the overall matching accuracy of the
proposed algorithm could reach 94.0% , which was far
better than curve fitting and D-S evidence theory
trajectory matching methods, and the accuracy was
2.8% higher than that of traditional HMM matching
methods. In terms of matching time, the proposed
algorithm integrated heading angle factors, improved the
calculation method of launch probability and state
transition probability, shortened the matching time, and
guaranteed the real-time and accuracy of judgment in
complex road sections. The overall matching time of the
method was shortened by about 2.7 s.

Table 1 Vehicle trajectory matching method results

) 1
Trajectory matching Matching Correctly Matching  Match
. matched data 0, .
method data points . accuracy/ % time/s
points
Curve fitting 3000 2351 78.4 19.5
D-S evidence theory 3000 9647 38.2 176
method
Traditional HMM 4 5, 2736 912 144
method
fmproved HMM 4 5, 2820 94.0 11.7

method

As shown in Table 2, the curve fitting method, the
D-S evidence theory method, the traditional HMM
trajectory matching method, and the proposed method
are separately counted for the matching accuracy and the
single-point matching time of the special road section
indicated in Fig.5. It could be verified that the improved
HMM modeling method was suitable for complex road
conditions such as intersections, overpasses, and
parallel sections. It balanced the contradiction between
the accuracy and time efficiency of the traditional HMM
trajectory matching algorithm to a certain extent.

As shown in Fig.6(a) — (d), all the four matching
methods could match the original GPS track points with
the road sections in the road network, eliminating the
influence of measurement errors, but the matching
accuracy of each method was greatly different. It could
be seen from the partial visualization diagram that the
proposed method was basically consistent with the real
reference trajectory, while the curve fitting method did

not perform well in multi-branch road sections. The D-S
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evidence theory and the traditional HMM trajectory
matching method could cope with the matching of some
complex road sections, but the matching errors still
occurred on overpasses and parallel sections. In the face
of increasingly complex road network environment, the

Improved HMM method

D-S evidence theory method

Curve fitting method
W Traditional HMM method

®  GPS trajectory

Road_network

(a) Matching result of overpass |

proposed algorithm was suitable. Compared with the
traditional HMM trajectory matching method, the
proposed method not only had advantages in special road
sections, but also improved the time efficiency.

@ Improved HMM method M
D-S evidence theory method|

Curve fitting method
®  Traditional HMM method
GPS trajectory

Road_network

(b) Matching result of overpass 1l

@ Improved HMM method

D-S evidence theory method

®  Curve fitting method
B Traditional HMM method
®  GPS trajectory

Road_network

(c) Matching result of parallel road section

@ Improved HMM method
D-S evidence theory method

®  Curve fitting method

B Traditional HMM method

®  (GPS trajectory

Road_network

N,
N

(d) Matching result of intersection I

Fig. 6 Comparison of matching results of special road sections with local visualization diagrams

As can be seen from Table 2, the matching accuracy of
the proposed method on special road sections is about
17.48% higher than that of the curve fitting method and
8.68% higher than that of the D-S evidence theory method.

Compared with the traditional HMM method, it had
obvious advantages in parallel road sections, the accuracy
rate could be increased by 5.8% , and the average single-
point matching time could be reduced by 0.9 ms.

Table 2 Map matching results at special road sections

Average single point

Method Intersection I /% Intersection I /%  Overpass I /% Overpass Il /% Parallel section/ % !
match time/ms
Curve fitting method 87.1 85.0 71.8 70.6 67.7 6.5
D-S evidence theory method 90.0 92.5 86.4 80.4 76.9 5.9
Traditional HMM method 92.9 92.5 92.7 90.2 85.0 4.8
Improved HMM method 94.3 95.0 95.4 94.1 90.8 3.9

4 Conclusions

In order to improve accuracy and time efficiency, the
traditional vehicle track matching method based on
HMM was improved. Firstly, considering the influence
of course angle factor and vehicle speed on course angle
deviation, the calculation method of launch probability

was improved by setting empirical factors to adjust. At

the same time, when calculating the transmission
probability, the factors such as the front and back
observations and the curve section error were taken into
account to ensure the accuracy of the distance calculation
between the adjacent observations. Finally, experiments
were carried out using the measured data to verify the
performance of the algorithm, and compared with curve
fitting, D-S evidence theory, and traditional HMM

trajectory matching methods. The experimental results
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indicated that the improved HMM modeling vehicle

trajectory matching algorithm had a significant
improvement in matching accuracy. Compared with the
traditional HMM matching method, it also had certain
advantages in improving time efficiency and matching
accuracy of complex road sections. It was suitable for
matching under complex road conditions such as
intersections, overpasses, and parallel sections. It
balanced the matching algorithm to a certain extent. The
contradiction between accuracy and time efficiency had

certain engineering practical value.
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