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Abstract: With the rising popularity of portable mobile positioning equipment, the volume of mobile
trajectory data is increasing. Therefore, trajectory data compression has become an important basis
for trajectory data processing, analysis, and mining. According to the literature, it is difficult with
trajectory compression methods to balance compression accuracy and efficiency. Among these
methods, the one based on spatiotemporal characteristics has low compression accuracy due to its
failure to consider the relationship with the road network, while the one based on map matching
has low compression efficiency because of the low efficiency of the original method. Therefore, this
paper proposes a trajectory segmentation and ranking compression (TSRC) method based on the road
network to improve trajectory compression precision and efficiency. The TSRC method first extracts
feature points of a trajectory based on road network structural characteristics, splits the trajectory at
the feature points, ranks the trajectory points of segmented sub-trajectories based on a binary line
generalization (BLG) tree, and finally merges queuing feature points and sub-trajectory points and
compresses trajectories. The TSRC method is verified on two taxi trajectory datasets with different
levels of sampling frequency. Compared with the classic spatiotemporal compression method, the
TSRC method has higher accuracy under different compression degrees and higher overall efficiency.
Moreover, when the two methods are combined with the map-matching method, the TSRC method
not only has higher accuracy but also can improve the efficiency of map matching.

Keywords: trajectory compression; BLG tree; trajectory segmentation; trajectory points ranking;
road networks

1. Introduction

With the rising popularity of portable mobile positioning equipment, the volume of
trajectory data generated by moving objects is increasing, and these data have become a
significant part of social big data. This poses challenges regarding the storage, analysis, and
mining of trajectory data. Moreover, trajectory compression not only reduces the amount
of data, but also helps to extract the features of trajectory data and mine the hidden rules
and knowledge, such as road map generation [1] and urban movement analysis [2]. The
trajectory data are a sequence of points, each with a position, attribute, and time. Although
they contain a great amount of semantic information, it is difficult to use them directly
for data mining and knowledge discovery as the number of them is very large and they
are accompanied by much noise (e.g., the positioning signal error) and many redundant
data (e.g., the moving object stops at a place for a long time). Thus, trajectory compression
is an essential operation of data processing. In addition, it needs to provide trajectory
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data with multiple levels of detail for various application fields and environments. For
example, when analyzing the patterns of taxi pick-ups and drop-offs, rough trajectory
data are needed, which only contain the trajectory points of pick-up and drop-off; when
analyzing the moving patterns in a city, more detailed trajectory data are needed. Therefore,
trajectory compression is also required to adapt to various data analyses and mining.

Since the trajectory data comprise spatiotemporal information, relationship informa-
tion with the road network, and semantic information, there are three kinds of methods for
trajectory compression.

The first method is trajectory compression based on spatiotemporal characteristics.
This method combines spatial characteristics with temporal characteristics by synchronous
Euclidean distance [3], spatiotemporal three-dimensional space [4], and multiple dimen-
sions of distances (position), angles (direction), or rates (time) [5]. This method is used to
improve the typical curve compression methods, such as the Douglas–Peucker (DP) algo-
rithm [6], to improve the efficiency and accuracy of trajectory compression. The advantage
of this method is its high efficiency for the online real-time compression, but the accuracy
of the compressed trajectory cannot be guaranteed [5].

Therefore, in recent years, this method has been more commonly applied in studies
to improve the efficiency and accuracy of trajectory compression [7–9], especially for a
large number of trajectory data [10,11], or for online trajectory compression [10,12–14]
and some specific scenarios’ trajectory data compression (e.g., indoor trajectory data com-
pression [15,16] and ship trajectory compression [17,18]). These studies have improved the
accuracy and efficiency of trajectory data compression in various respects. However, these
methods do not take into account the relationship between the moving object and the road
network. For example, a moving object, especially a car, should be constrained by road
networks. Therefore, the accuracy of this method is not high from the perspective of road
network structure characteristics or trajectory semantic information.

The second method is map-matched trajectory compression. Due to the constraints
of road networks, a trajectory is no longer represented on a two−dimensional space but
represented in the road network space [19], and it is always matched to the networks. This
is called map matching. Map matching is a crucial process for trajectory compression
with consideration of road networks, and it can also be directly applied to trajectory
compression [20].

Different strategies have been proposed for map-matched trajectory compression with
consideration of road networks. There are only three different strategies: map matching,
matching before compression, and matching after compression [19]. Many works focus
on the second one. All trajectories are matched to road networks first, and then, they are
simplified or compressed by speed or distance [21,22], or by space and time [23]. In order
to obtain a higher compression rate, a method is presented for dividing a trajectory by
establishing a road network partition, and it can improve the ratio of trajectory compression
under the same error control [24].

However, the effect of trajectory compression will be affected by the accuracy of
map matching. Although more effective map-matching methods have been proposed,
including local map-matching methods [25,26] and global map-matching methods [27–29],
it is difficult for them to maintain high efficiency and accuracy at the same time.

The latest method is semantic trajectory compression. Since mining trajectory motion
patterns and behavioral features is one of the goals of trajectory compression, trajectory
compression is based on trajectory semantic information. Richter et al. [30] introduce
a concept of the semantic trajectory compression, in which a semantic representation
of a trajectory that consists of reference points localized in a road network replaces the
original trajectory nodes. This method provides a high compressed trajectory but with
information loss, and even the data structure of the trajectory node is modified. In addition,
some scholars have studied trajectory compression considering semantic information and
have proposed trajectory compression methods based on road network semantics [31,32],
driving semantics [20], stay point semantics [33,34], and motion pattern semantics [35,36].
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These methods combine spatiotemporal features and semantic information to compress
trajectories, which can be applied to certain specific data and targets.

In summary, semantic trajectory compression is more commonly used for identifying
trajectory features and patterns than for data compression. However, the accuracy of trajec-
tory compression based on spatiotemporal characteristics is not high, and the efficiency of
map-matched trajectory compression is also low. Therefore, this paper proposes a new tra-
jectory compression method to improve compression accuracy and efficiency by combining
the spatiotemporal characteristics of trajectory and road network structural characteristics.

The paper is organized as follows: Section 2 describes the queuing technique for
the trajectory points according to the road network structural characteristics and the
spatiotemporal characteristics, and a compression method based on the queue. In Section 3,
the accuracy assessment method for a compressed trajectory is also presented. Then, the
method is applied in experimental tests, and the compressed results are compared among
different methods. Finally, the last section provides concluding remarks on the method of
trajectory compression.

2. Methods

A moving trajectory is an ordered set of spatiotemporal points, and it can be repre-
sented as follows:

T = {p1, . . . , pi, . . . pn}, pi = (xi, yi, ti) (1)

Obviously, a moving trajectory contains spatial position and time information. How-
ever, it also implies semantic information, such as road network structure semantics and
stay feature semantics. The trajectories in this research are artificial trajectories which refer
to the movement trajectories of people or vehicles. They show a matching relationship with
the road network. Therefore, in order to preserve the road network characteristics of the
trajectory and improve the accuracy of compression, a trajectory segmentation and ranking
compression (TSRC) method based on the road network is proposed in this paper.

The main idea of this methodology is to rank all trajectory points according to the road
network structural characteristics and the spatiotemporal characteristics, then compress
the trajectory by deleting the points at the end of the queue in a compression ratio. The
workflow chart of this method is shown in Figure 1 and the process is as follows.

Step 1, to extract feature points in a trajectory with constraints of road networks and
split the trajectory at the feature points (Section 2.1);

Step 2, to rank extracted feature points by their feature value (Section 2.2);
Step 3, to rank trajectory points of all sub-trajectories based on the binary line general-

ization (BLG) tree (Section 2.3);
Step 4, to merge the extracted feature points sequence in step 2 with the trajectory

points of every sub-trajectories sequence in step 3, and compress trajectories by removing
low-ranking points (Section 2.4).

2.1. Extraction of Trajectory Feature Points
2.1.1. Extraction of Feature Points Based on Road Junctions

The road network in this paper mainly refers to the street network in the city. The
main feature of the street network is that there are many intersections, so people or vehicles
often stop at the junctions, which leads to multiple trajectory points with similar positions
in the trajectory data. Therefore, junctions are always considered as the characteristic points
due to their spatial structure. In this research, the feature points in a trajectory are those
that are close to the junctions of road networks where the moving object passes by. Here,
we take all the closest trajectory points to road junctions as constraint conditions.

Generally, a graph is an ordered pair G = (V, E) comprising a set V of vertices
together with a set E of edges. In this paper, the road network is also represented as a
modified graph, where V represents the set of all nodes in the road network, and E is the set
of road network edges. In the graph, any edge e ∈ E includes two nodes and a polyline with
real spatial co-ordinates connecting these two nodes, e = (vl , vr, p), vl ∈ V and vr ∈ V;
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any node v ∈ V includes its spatial co-ordinates and a set of adjacent edges, v = (x, y, Es),
where Es is the subset of E, and it is the set of all edges adjacent to node v.
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Figure 1. The workflow chart of this method.

An example of extracting feature points in a trajectory based on road junctions is
shown in Figure 2.
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road network graph, where v1 and v2 are junctions, and e is an edge. T is a schematic trajectory, p1 to
pn are the points of T. The point in the dashed circle is the closest to v2, and it is a feature point of T.

In Algorithm 1, a method is proposed to extract the trajectory feature points.
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Algorithm 1. Extraction of feature points based on road junctions

Input: A trajectory—T, and road network—(V,E)
Output: A list of trajectory feature points—L
1: Set i = 1
2: Set Et = E//Et is a temporary set of edges
3: While i < n − 1
4: Find an edge e that is closest to pi
5: Set d1 = dis(pi, e.vl)//dis() is used to obtain the distance between two points
6: Set d2 = dis(pi, e.vr)
7: For j = i + 1 to n
8: Set d1

′ = dis(pj, e.vl)
9: Set d2

′ = dis(pj, e.vr)
10: IF (d1

′ − d1) > 0 and (d2
′ − d2) > 0 Then

11: Add pj−1 to L
12: Et = e.vl.Es ∪ e.vr.Es
13: Break For
14: Else IF (d1

′ − d1) × (d2
′ − d2) < 0 Then

15: d1 = d1
′

16: d2 = d2
′

17: Continue For
18: Else
19: Continue For
20: End IF
21: End For
22: i = j
23: End While

2.1.2. Trajectory Segmentation at Feature Points

After all feature points are extracted, a trajectory can be divided into several sub-
trajectories based on feature points. Due to the design of Algorithm 1, two endpoints are
also recognized as feature points. Thus, the count of sub−trajectories is the feature points’
number minus one.

2.2. Trajectory Feature Point Ranking

As shown in Section 2.1, the feature points of the trajectory are extracted based on
the junctions in the road network, so their value can be given by their corresponding road
junctions. It can be calculated by the road level value associated with the junction as

sv =
n

∑
i=1

cei, (2)

where ce is the road level, and n is the number of roads connecting to the junction. Roads
can be classified as express roads, trunk roads, secondary trunk roads, and branch roads,
and their level values are set to 4, 3, 2, and 1, respectively.

2.3. Trajectory Points Ranking of Sub-Trajectories
2.3.1. The BLG Tree Construction

The DP algorithm is the most common method for extracting spatial feature points.
It has the anchor point forward method and the divide-and-conquer method, and the
latter is usually applied considering the efficiency of the algorithm. The BLG tree [37]
is a binary tree structure generated when a curve compression is performed using the
divide-and-conquer DP algorithm (threshold is set to 0). Each node in the tree is composed
of a point and its eigenvalue. The eigenvalue of a point is the distance from the point to
the baseline based on the DP algorithm. In addition, in order to use spatial and temporal
characteristics in trajectory compression, this paper constructs a BLG tree based on an
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improved DP algorithm [2], which fuses temporal characteristics into spatial characteristics
by constructing homomorphic Euclidean distance instead of vertical distance.

The details of the BLG tree construction are provided by Oosterom [37], and an
example of the BLG tree construction is illustrated in Figure 3.
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a curve example that consists of point sets {A, C, D, E, F, G, H, I, J, B}. Line AB is the initial baseline.
Point G is the point with the longest (15.3) distance to the baseline AB, so it is selected as the root
node. Then, points are split into two subsets, {A, C, D, E, F, G} and {G, H, I, J, B}, based on point G.
Similarly, points F and I are points with the longest distance to their baselines, so they are the two
child nodes of G. By analogy, the tree can be established. (b) Result of this BLG tree construction.

2.3.2. Trajectory Points Ranking

Supposing there are m feature points (m ≤ n), the count of sub-trajectories is m− 1.
For all sub-trajectories, they can be stored in a set

{
Tj

∣∣ 1 ≤ j ≤ m− 1
}

, and their BLG
trees are

{
Treej

∣∣ 1 ≤ j ≤ m− 1
}

. In a tree, a node is represented as node, and its data
structure can be illustrated as {pi, ev, lcn, rcn}, where pi is a trajectory point, ev is the
eigenvalue of a related trajectory point, and lcn and rcn are the left and right child node,
respectively. The root node of the tree can be represented as root. A ranking method of
trajectory points based on the BLG tree for all sub-trajectories is given by Algorithm 2.

Algorithm 2. Trajectory points ranking for all sub-trajectories based on the BLG tree

Input: A set of BLG trees—{Treej|0 ≤ j ≤ m − 1}
Output: A queue arranged by descending order of importance—Q
1: Set Q as an empty queue
2: Set S as a candidate set to store nodes temporarily
3: For j = 1 to m − 1
4: Put root node rootj of Treej into S
5: Next j
6: While S is not empty
7: Find the node nodemax with maximum eigenvalue (ev) inside the S
8: Put nodemax into Q
9: Put nodemax.lcn, nodemax.rcn into S
10: Remove nodemax from S
11: End While

As a BLG tree does not contain the endpoints of a sub-trajectory, the outputted queue
of trajectory points also avoids all feature points tactfully.

An example of trajectory points ranking based on the BLG tree is shown in Figure 4
and Table 1. In the Figure 4, G is the root of the tree, and it is added into set S first. There
is only one node in S, so the node G is selected to put into Q and removed from S in the
first step. In the second step, the children F, I of G is put into S, and F has a maximum
eigenvalue. Thus, F is added to Q and removed from set S. Following the algorithm, the
output result of queue Q is G, F, C, D, I, E, J, H.
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Table 1. The process of trajectory points ranking based on the BLG tree in Figure 4.

Step S Q

Step 1 S: G Q: G
Step 2 S: F, I Q: G, F
Step 3 S: I, C Q: G, F, C
Step 4 S: I, D Q: G, F, C, D
Step 5 S: I, E Q: G, F, C, D, I
Step 6 S: E, H, J Q: G, F, C, D, I, E
Step 7 S: H, J Q: G, F, C, D, I, E, J
Step 8 S: H Q: G, F, C, D, I, E, J, H

2.4. All Trajectory Points Ranking and Compression

The trajectory feature points always have higher importance than other points, so the
whole trajectory ranking is composed of ranked feature points first, which are obtained
from Step 2, and the other ranked sub-trajectory points from Step 3.

After obtaining the queuing results of trajectory points, it is possible to quickly obtain
compression results at any compression ratios according to removing the corresponding
proportion of points from the tail of the queue.

3. Experiments and Results
3.1. Experimental Setup

The experimental data comprise road network data and trajectory data. The road
network data are all levels of roads in Beijing’s urban area. The trajectory data comprise
two taxis’ trajectory datasets during the period of 2–8 February 2008 within Beijing [38].
They are shown in Figure 5, and the details of trajectory data are listed in Table 2.

Table 2. Information about the data of the two trajectories.

No. Sampling Intervals
(s) Node Count Length (m)

1 5 30,156 1,098,329
2 15 7141 853,270

For the applicability of the experiment, two trajectories with different sampling fre-
quencies were selected. As shown in Table 1, the sampling interval of dataset 1 is 5 s, the
number of points is 30,156, and the length is 1,098,329 m; the sampling interval of dataset 2
is 15 s, the number of points is 7141, and the length is 853,270 m.
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Figure 5. Experimental data. Color lines are trajectory data, whereas the purple lines are dataset 1
and the orange lines are dataset 2. Gray lines are the road network data, and the width of the line
represents the road level.

The method was implemented in C#.NET with ArcGIS plugins for the trajectory and
map data importing and visualization. In this experiment, the proposed TSRC method
is applied to test the experiment data, and results are discussed by comparing the TSRC
method with the TD–TR (top-down time ratio) method proposed by Meratnia and Rolf [2].
Because the TD−TR method is a compression method by threshold value, it is difficult to
obtain the compression result of a given compression ratio directly. In order to compare
the proposed method with the TD−TR method under the same compression ratio, the
damping oscillation method proposed in paper [39] is adopted. In this method, a given
compression ratio is obtained by adjusting the threshold value in the TD−TR method. In
addition, in order to perform comparative analysis on various compression ratios, nine
compression ratios of 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8 and 0.9 were used in the experiment.

The comparative analysis experiment consists of two parts. First, the visualization,
accuracy, and efficiency of compression are discussed by comparing the TSRC method and
the TD–TR method. Second, these two methods are each combined with map matching,
and the accuracy and efficiency of their compression are compared.

3.2. Accuracy Assessment Method

For the accuracy metrics, a synchronized Euclidean distance (SED) error is used to
perform the validation [2]. The SED is the distance between the original trajectory point
pi and its compressed trajectory point p′i, which is the synchronized point of pi in the
compressed trajectory. Figure 6a illustrates a schematic of SED.

However, the trajectory usually matches the road network, so an error of a removed
point should be compared to the distance to the road, not to the compressed trajectory.
Therefore, this research proposes an improved error assessment method based on SED
error, the so-called network-based synchronized Euclidean distance (NSED) error. It uses
the matched trajectory as the reference data instead of the original trajectory. After that, the
NSED error is calculated as the difference between the matching error of the compressed
trajectory and the original trajectory. A schematic of NSED can be seen in Figure 6b.
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(red line) are original, compressed, and matched trajectories, respectively,  𝑝   is the synchronized 
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Figure 6. Schematics of SED and NSED errors. To (black dashed line), Tc (solid black line), and Tm

(red line) are original, compressed, and matched trajectories, respectively, p′i is the synchronized point
of pi in Tc, and p′′i is the matched point of pi in Tm. (a) SED error: SEDi is the distance between pi

and p′i . (b) Proposed NSED error: NSEDi is the matching error of the original trajectory point pi (the
distance between pi and p′′i ) minus the matching error of the original trajectory point p′i (the distance
between p′i and p′′i ).

In the experiment, the average NSED errors are adopted to evaluate the accuracy
between an original trajectory and its compressed trajectory, and it can be given as follows:

a =
1
n

n

∑
i=1

NSEDi =
1
n

n

∑
i=1

(∣∣d(p′i, p′′i )− d(pi, p′′i )
∣∣), (3)

where a is the average NSED errors, pi is the original trajectory point, p′i is the synchronized
point of pi, p′′i is the matched point of pi, and d is the distance between two points.

3.3. Results
3.3.1. Visual Assessment Results

The visual assessment is designed to compare the remaining trajectory feature points
between the TSRC method and the TD–TR method. As shown in Figure 7, first, both meth-
ods retain the trajectory points with prominent spatial characteristics. Second, comparing
(a), (c) to (b), (d) in red circles, the TSRC method also retains the trajectory points close
to the road network nodes. In addition, when the compression rate increases, the TSRC
method can better retain the trajectory points close to the road network nodes than the
TD-TR method. For example, the feature points in red circles C, D, E, and F are removed
in Figure 7c but reserved in Figure 7d. In general, the TSRC method can better retain
the trajectory points with prominent spatial characteristics and the road network struc-
ture characteristics, while the TD–TR method can only retain the trajectory points with
spatial characteristics.

3.3.2. Efficiency Assessment Results

The efficiency between the TSRC method and the TD–TR method was compared
at nine compression ratios from 0.1 to 0.9. Since the TSRC method only needs to be
queued once, the results of any different compression ratios can be obtained. Therefore,
the efficiency of the TSRC method is evaluated by the independent efficiency and average
efficiency. The efficiency assessment results are shown in Figure 8.

As shown in Figure 8a,b, in the two experimental datasets, the running time of the
TSRC method is greater than the TD–TR method. Moreover, the running time of the TSRC
method does not change with the increase in compression ratio, while the running time of
the TD–TR method decreases slightly with the increase in compression ratio.
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results of TD–TR method and TSRC method respectively with compression ratio 90%.
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Figure 8. Efficiency comparison between the TD–TR method and the TSRC method at nine thresholds.
The blue lines are the running time of the TD–TR method. The orange lines are the running time of
the TSRC method for independent efficiency. The gray lines are the running time of the TSRC method
for average efficiency. (a,b) are the result of dataset 1 and dataset 2, respectively.
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However, considering multiple compression ratios, the average running time of the
TSRC method is lower than the TD–TR method. Moreover, the more compression ratios,
the higher the average efficiency of TSRC. For example, there are nine compression ratios
in the above experiment, so the average efficiency of the TSRC method can be improved
by nine times. Therefore, the TSRC method is more suitable for data compression with
multiple compression ratios.

Considering that trajectory data often require map matching, the trajectory is com-
pressed by the TSRC method and the TD–TR method and then matched to roads. The
matching method uses the “look−ahead” method [21]. Thus, the following experiments
compare the overall efficiency of trajectory compression and map matching, as shown in
Figure 9.
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Figure 9 shows that the running times of the TSRC + MM and TD−TR + MM methods
are much longer than those of the TSRC and TD−TR methods in Figure 8, as the map
matching process takes a long time. With the increase in compression ratio, the changing
trend of the running time of the TSRC + MM method is consistent with the TD−TR + MM
method, but the TSRC + MM method is more efficient than the TD−TR + MM method. It
shows that the TSRC method will improve the efficiency of map matching, and its efficiency
can be improved more significantly as the compression ratio becomes larger. This is because
the TSRC method can retain trajectory points close to the road network nodes, thereby
avoiding missing track points on a specific road section, and finally improving the search
efficiency of the road network during map matching.

3.3.3. Accuracy Assessment Results

The accuracy assessment method uses the network-based synchronized Euclidean
distance NSED error mentioned in Section 3.2. In order to eliminate the error of the original
data, the accuracy result is that the NSED error of the compressed trajectory is subtracted
from the NSED error of the original trajectory. Similarly, the accuracy between the TSRC
method and TD−TR method was compared for nine compression ratios from 0.1 to 0.9.
The accuracy assessment results are shown in Figure 10.

The following is shown in Figure 10: (1) The error of the two methods becomes large
gradually with the increase in compression ratio, and when the compression ratio is greater
than 0.5, the error increases significantly. (2) The error of the TSRC method is smaller than
that of the TD–TR method. (3) The error difference between the two methods becomes
large with the increase in compression ratio. The gap is evident at a compression rate of 0.5
in dataset 1 and a rate of 0.7 in dataset 2.
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Figure 10. Accuracy comparison between the TSRC method and the TD−TR method at nine thresh-
olds. The blue lines are the error of the TD−TR method. The orange lines are the error of the TSRC
method. (a,b) are the result of dataset 1 and dataset 2, respectively.

Considering that the trajectory after map matching is close to the real data, the fol-
lowing four mixed methods are compared: TSRC compression before map matching
(TSRC + MM), TD–TR compression before map matching (TD–TR + MM), map matching
before TSRC compression (MM + TSRC), and map matching before TD–TR compression
(MM + TD–TR). Since the trajectory data have been map-matched, the accuracy assessment
method uses an SED error instead. The results are shown in Figure 11.
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Figure 11. Accuracy comparison of the TSRC method and the TD–TR method combined with the
map-matching algorithm. (a,b) are the result of dataset 1 and dataset 2, respectively.

From Figure 11, we find the following: (1) In general, the accuracy order of the four
combination methods is MM + TSRC > MM + TD-TR > TSRC + MM > TD–TR + MM. Thus,
the accuracy of the trajectory compression after map matching is greater than that of map
matching after trajectory compression. (2) In trajectory compression after map matching,
the accuracy of the MM + TSRC method is higher than that of the MM+TD–TR method.
(3) In map matching after trajectory compression, when the compression ratio is small
(such as when the dataset 1 compression ratio is less than 0.6 and the dataset 2 compression
ratio is less than 0.2), the TSRC + MM method has lower accuracy than the TD–TR + MM
one. When the ratio becomes more significant, the accuracy of the TSRC + MM is higher.

4. Conclusions

Based on spatiotemporal characteristics and road network structure characteristics,
this paper proposes the trajectory segmentation and ranking compression (TSRC) method
based on a road network and designs the network homomorphic distance error for accuracy
evaluation. Based on a comparison with the TD–TR method, the following conclusions can
be drawn.
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First, the proposed TSRC algorithm can retain not only trajectory points with signifi-
cant spatiotemporal characteristics but also trajectory points with significant road network
structural characteristics.

Second, although the TSRC method is less efficient than the TD–TR method, the TSRC
method can improve the efficiency of map matching after compression. This is because it
retains more trajectory points with significant road network structural characteristics. In
addition, the efficiency of the TSRC method is affected by the number of compression ratios
and the amount of road network data, as it queues once and compresses multiple times.
The more compression ratios required, the more efficient the TSRC method is. Moreover,
the number of road network data will affect the efficiency of the feature-point extraction in
the TSRC method.

Third, the TSRC method has higher accuracy with the assessment of the NSED error.
As the compression ratio increases, the gap between the TSRC method and the TD–TR
method gradually increases. Moreover, when the combination of the trajectory compression
method and map-matching method is analyzed, the accuracy of the TSRC combination
method is higher than that of the TD–TR combination method. In addition, the accuracy
of map matching before trajectory compression is higher than that of map matching af-
ter trajectory compression. This result is evident because map matching after trajectory
compression produces more matching errors.
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