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Abstract Aiming at the problem of ignoring the importance of starting point features of trajecory

segmentation in existing trajectory compression algorithms, a study was conducted on the preprocess-

ing process of trajectory time series. Firstly, an algorithm improvement was proposed based on the

segmentation algorithm GRASP-UTS (Greedy Randomized Adaptive Search Procedure for Unsuper-

vised Trajectory Segmentation). On the basis of considering trajectory coverage, this algorithm designs

an adaptive parameter adjustment to segment long-term trajectory data reasonably and the identifi-

cation of an optimal starting point for segmentation. Then the compression efficiency of typical offline

and online algorithms, such as the Douglas-Peucker algorithm, the Sliding Window algorithm and its

enhancements, was compared before and after segmentation. The experimental findings highlight that

the Adaptive Parameters GRASP-UTS segmentation approach leads to higher fitting precision in tra-

jectory time series compression and improved algorithm efficiency post-segmentation. Additionally, the

compression performance of the Improved Sliding Window algorithm post-segmentation showcases its

suitability for trajectories of varying scales, providing reasonable compression accuracy.

Keywords trajectory time series; unsupervised segmentation; trajectory compression; greedy ran-

domized adaptive search

1 Introduction

With the widespread application of mobile devices with locating capabilities in various
industries and fields, it is necessary to analyze the historical trajectory from sensors of vehicles,
vessels, mobile phones, and so on[1]. Using the big data mining method and the data-driven
research mode[2–5], researchers can monitor the potential traffic flow in specific areas and identify
abnormal behaviors of moving objects. Common trajectory time series[6, 7] contains not only
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the moving route of objects like people or vehicles collected by GPS equipment, but also the
change of values collected by sensors with time. Therefore, it can be said that trajectory
is everywhere. These rich resources bring a huge demand for trajectory time series research
including not only the increase of data transmission load and storage pressure, but also the
decrease of data query volume, efficiency and analysis performance. So, the research on the
compression algorithm of trajectory time series of moving objects is an urgent problem to be
addressed. Due to the limitations of existing storage and computing capabilities, the purpose of
moving object trajectory compression[8] is to reduce the amount of data and the storage space
occupied by the data as much as possible on the presumption of retaining the information
contained in the data.The achievement of a low compression ratio by retaining only turning
points is often accompanied by an increase in compression errors, particularly in preserving
the details and overall fidelity of the original data. This trade-off between compression ratio
and compression errors is a common challenge in trajectory time series compression algorithms.
However, for trajectory data mining higher accuracy according to different requirements should
be achieved, especially for short-term trajectory time series prediction[9–11].

In recent years, numerous studies on the offline and online compression of moving object
trajectory have been conducted[12]. Offline compression mainly preserves the most represen-
tative trajectory points in historical or static trajectory time series from a global perspective,
such as the Douglas-Peucker (DP) algorithm proposed by Douglas in 1973[13]. After that, a
large number of researchers have studied and improved DP algorithm. In 2004, Meratnia and
de By[14] proposed the top-down algorithm based on speed and time ratio, which is a variant of
the DP algorithm. In 2017, Lin, et al.[15] proposed the ATS algorithm of velocity reservation
considering the velocity characteristics of the trajectory based on the DP algorithm. Zhao and
Shi[16] proposed a method for simplifying ship trajectory based on improved DP algorithm,
which significantly reduced the compression time under high compression strength. Singh, et
al.[17] put forward a kind of SPM (scan-pick-move) algorithm inspired by the idea of the DP al-
gorithm to compare the error of each trajectory point in turn and modify the baseline selection
technique of error assessment. However, current trajectory big data compression mainly pre-
serves the points with the largest cumulative error in the trajectory from the local perspective
such as the AIS (automatic identification system) data, so offline compression is not applicable
to all scenes.

At present, most of the mainstream online compression algorithms are based on the Sliding
Window (SW) and the Open Window (OPW)[18, 19]. Unlike the SW algorithm, the OPW al-
gorithm calculates the vertical Euclidean distance and time synchronization Euclidean distance
of each point in the window. The SW algorithm and the OPW algorithm only consider the
position of trajectory points in the current window, so they can be optimized in each local
part, but they can’t consider the overall trend. Later, Meratnia and de By[14] also proposed the
Opening Window Time Ratio (OPW-TR) algorithm using a synchronized Euclidean distance
(SED) instead of vertical distance to consider time characteristics. Potamias, et al.[20] proposed
a STTrace algorithm oriented to small memory devices, which ensures the compression of long
trajectory under the premise of limited memory consumption. Muckell, et al.[21] proposed an
online compression algorithm of Spatial Quality Simplification Heuristic (SQUISH). Similar
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to the SW algorithm, SQUISH initializes a priority queue and adds trajectory points to the
queue, when the queue is full, delete the points that cause the minimum error, and recalculate
the priority of each point. SQUISH algorithm has low time complexity, low compression ratio
and low trajectory error, but the error of compressed trajectory has no upper bound.Recently,
researchers have begun studying the application of compression algorithms to improve the pro-
cessing time of clustering analysis. Alam and Torgo[22] analyzed the impact of compression
technique Ramer Douglas Peucker (RDP) on the clustering analysis process, and the results
showed that compression had no significant impact on the clustering results. Carteron, et
al.[23] quantitatively analyzed the effectiveness of applying compression algorithms to improve
the clustering efficiency of ship traffic anomaly detection. The offline compression considers
the whole trajectory and obtains a globally better compression. However, online compression
only considers local trajectories, so the compression error is relatively high. The average time
complexity of offline compression is generally higher than that of online compression[24–26].

Although the improvement of these typical algorithms can achieve high computational per-
formance or low compression error, the trajectory sequence of moving objects has the character-
istics of high dimension, complexity, dynamics and high noise. If the original data is compressed
directly, it will lead to the problems of inaccurate mining results, low time efficiency and low reli-
ability of research conclusions. At the same time, the existing compression algorithms are based
on a fixed trajectory starting point, and the change of the starting point will have great impacts
on the compression results. In summary, the trajectory time series compression method has the
following problems: during the compression process, some accuracy information of the original
trajectory points will be lost, resulting in a certain error between the compressed trajectory
and the original trajectory; compression methods based on trajectory segmentation typically
require multiple scans, segments, and calculations of trajectory data, resulting in high time
complexity; compression methods based on trajectory segmentation often require setting some
parameters, such as segment length, error threshold, etc. The selection of different parameters
may lead to different compression effects. Our study focuses on trajectory compression after
appropriate segmentation in which setting of the starting point needs to rely on a lot of expe-
rience of the user[27, 28]. This process has a high degree of uncertainty and great dependence
on the users. It needs repeated experimental verification to determine the compression effect
that meets the user’s requirements[29]. Therefore, before trajectory compression, it is necessary
to segment the multidimensional trajectory sequence reasonably, which is conducive to the se-
mantic enhancement of trajectory time series and subsequent series calculation. Segment and
mark the long-time trajectory to make the segmented trajectory have specific significance, such
as representing a certain trip[30, 31]. Such segmentation operation not only retains the charac-
teristics and knowledge of trajectory time series, but also reduces the complexity of subsequent
data mining calculation.Therefore, the trajectory compression method based on segmentation
proposed in this article plays an important role in the field of trajectory data processing. Tra-
jectory data is one of the important forms of spatial data in geographic information systems.
The trajectory segmentation based compression method helps to reduce the cost of data storage
and processing, and promotes the development of the field of geographic information systems;
provide an effective solution for trajectory data processing in the field of mobile computing;
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provide an effective means for processing large-scale trajectory data in the fields of data mining
and machine learning.

Considering the space-time characteristics of trajectory and the influence of starting point
on trajectory compression, this paper proposes a trajectory compression algorithm of moving
objects based on unsupervised segmentation. First combine greed and random construction to
construct a feasible solution. Secondly, search the neighborhood of the feasible solution and
attempts to improve it through local search. The complexity of the segmented trajectory is
reduced in the subsequent trajectory mining calculation process, while also providing richer
rules and knowledge than before segmentation, improving the effectiveness of storage. Then,
the maximum offset distance is introduced to add a sliding window to the segmented trajec-
tory segment for trajectory compression, in order to process anomaly detection and trajectory
prediction in the future. In summary, the contributions of this paper are as follows:

1. The idea of adaptive parameters unsupervised segmentation is introduced into the process
of trajectory compression.

2. The maximum offset distance reference trajectory point and scan-pick-move are used to
choose whether the current trajectory point can be compressed.

3. For the same trajectory time series in the Brazilian coastal fishing vessel data sets,
the compressed trajectory curve after segmentation has a high degree of fit with the original
trajectory.

4. An extensive experimental study provides concrete evidence that after segmentation
by PGRASP-UTS, appropriate trajectory purity may still be attained. Compression time of
multiple trajectories compression in different number of trajectories are also compared in the
DP, SW, and ISW algorithms.

The remainder of this paper proceeds as follows. In Section 2, the basic definitions of spa-
tiotemporal trajectory is introduced and overall idea of method for compression trajectory based
on PGRASP-UTS is proposed. In Section 3, basic information of trajectory segmentation and
compression are introduced. Section 4 gives the results and discussion about the experimental
results of three compression algorithms, and the conclusions are discussed in Section 5.

2 Problem Formulation and Preliminaries

2.1 Basic Definitions

The spatiotemporal trajectory of a moving object is an ordered collection of a series of loca-
tion points. As a spatial entity, each location point has multiple attributes such as time, space
and semantics[32, 33]. According to the moving trajectory of the object, the basic characteristic
information of the object movement can be obtained, and the characteristic information of the
object group and its region can be further obtained. We define spatiotemporal trajectory time
series as follows:

Definition 1 A spatiotemporal trajectory time series T is a collection of several spatiotem-
poral trajectory points which can be expressed as T={p1, p2, · · · , pn}. For different trajectories
in a data set, the values of n may be different.

Definition 2 A spatiotemporal trajectory point pi is a tuple < xi, yi, ti, oi >, where xi, yi

represent spatial information, ti represents time information, oi represents speed, direction,
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destination and other information.

Definition 3 A trajectory segment s = {pu, · · · , pv} is a sub trajectory (s ∈ T ) of a
spatiotemporal trajectory T , representing a trajectory segment from pu to pv, 0 ≤ u ≤ v ≤ n.

2.2 Overall Idea

The problem of unsupervised segmented trajectory compression is defined as follows: The
original trajectory time series set and segment loss function are given, the trajectory seg-
ment set θT = (s1, s2, · · · , sT ) is obtained, and the compressed trajectory segment set θT

′ =
(s1′, s2′, · · · , sT

′) is derived based on off-line and on-line trajectory compression algorithms.
The specific framework of three compression algorithms based on segmentation is as follows:

Greedy Randomized 
Construction Procedure

Original trajectory

Generate feasible solution 
of trajectory segment

Update Best Solution

Divide several sub 
trajectory segments

Extract compression 
threshold

Generate compressed 
trajectory

Local Search 
Procedure

Calculate 
Compression Error

DP, SW, ISW 
Algorithms

Meet the 
minimum 
coverage?

Calculate Coverage

No

Yes

Figure 1 Algorithm framework

Figure 1 shows the framework of this method, which was divided into four steps:
1. Greedy randomized construction procedure. Generate feasible solution of trajectory

segment based on dynamic and static information extracted from trajectory time series set.
2. Local search procedure. Update the best solution of trajectory segments to improve the

segment results.
3. Calculate coverage between trajectories. We assigned corresponding trajectory purity to

different trajectories to get reasonable coverage and divide the sub trajectory segments.
4. Online and offline compression procedure. Extract compression threshold to generate

compressed trajectory by the DP, SW, ISW algorithms in the high trajectory accuracy.

3 Methodology

According to the existing relevant research, the trajectory segmentation methods can be
divided into two categories, supervised methods and unsupervised methods[34]. The supervised
method can be understood as the need for human participation to set segmentation rules, such as
setting thresholds based on human experience or subjective prior knowledge. Common methods
can set segmentation rules based on the time, speed and space thresholds of moving objects,
and combine these threshold methods to segment trajectories[35, 36]. Generally, the supervised
method performs well in specific applications, but for the universality of other applications, the
segmentation rules and thresholds should be reset according to the relevant domain knowledge,
and the portability is poor. However, the unsupervised method can be understood as setting
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segmentation rules without human participation. The unsupervised algorithm can adaptively
complete the trajectory segmentation task according to the designed loss function and other
methods. Therefore, compared with the supervised method, the unsupervised method can have
better universality in a variety of application scenarios.

3.1 Trajectory Segmentation

3.1.1 Basic Definitions

According to Definitions 1∼3, for the algorithm GRASP-UTS[37], we give the definition of
segmented landmarks as follows:

Definition 4 A segmented landmark smk is a representative trajectory point of a space-
time trajectory T , which is used to divide a space-time trajectory smk = pl, 1 ≤ k ≤ l ≤ N .
Then a trajectory segment can be expressed as s = (smk, pu, · · · , pv).

The spatiotemporal trajectory, and the relationship between trajectory segments and seg-
ment landmarks are shown in Figure 2.
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Figure 2 Relationship among spatiotemporal trajectory, trajectory

segments and segment landmarks

The trajectory in Figure 2 contains eight trajectory points (N = 8) and two trajectory
segments s1 = (sm1, p1, p2, p3, p4) and s2 = (sm2, p5, p6, p7, p8). Segment landmarks sm1 = p3,
sm2 = p6 are used as the representative trajectory points of the two trajectory segments.

3.1.2 Cost Function

The definition of cost function can better help segmentation. In order to measure the
similarity between segment landmarks and each trajectory point in the trajectory segment,
considering all the features oM of the trajectory point, the algorithm GRASP-UTS defines the
expression of feature distance based on the Euclidean distance, as shown in Equation (1), in
which p1i represents the ith feature of point p1. The segment cohesion formula as shown in
Equation (2) is defined to calculate the similarity between segment landmarks and all points in
the trajectory segment:

dist(p1, p2) =

√√√√ M∑
i=1

(p1i − p2i)
2, (1)

coh(sm, pu, · · · , pv) =
v∑

j=u

dist(sm, pj). (2)
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In the process of establishing the cost function, two parts need to be built based on the
MDL principle[28]: L(H) and L(D|H). Finding the best landmark set corresponding to the loss
function means finding the best hypothesis according to the MDL principle. L(H) measures the
maximum compression and L(D|H) measures the mini-mum distortion, as shown in Equation
(3) and Equation (4). These two parts constitute the cost function that conforms to the expected
principle.

MDL = L(H) + L(D|H), (3)

cost(αT , βT ) = f(αT ) + g(βT ). (4)

In (3),

L(H) = f(αT ) = log2

(
1 +

T−1∑
i=1

max dist− dist(smi, smi+1)

)
, (5)

L(D|H) = g(βT ) = log2

⎛
⎝1 +

T∑
j=1

coh(smj , [pu · · · pv]j)

⎞
⎠ , (6)

max dist represents the maximum value of the two feature distances in the trajectory point.

3.1.3 The PGRASP-UTS Algorithm

GRASP-UTS algorithm is mainly divided into two stages: Greedy randomized construction
and local search. In the first stage, a feasible solution is constructed based on greed and
randomness. In the second stage, the feasible solution is improved by local search. In the whole
process of unsupervised segmentation, the maximum number of iterations and greedy degree
need to be provided manually, and it needs many times of debugging to achieve the desired
segmentation results. The framework of GRASP-UTS is shown in Algorithm 1.

Therefore, this paper proposes an adaptive parameters unsupervised trajectory segmen-
tation algorithm (Adaptive Parameters GRASP-UTS) on the basis of fully considering the
spatiotemporal characteristics of the trajectory. The minimum coverage (minCov) of the tra-
jectory segment is introduced into the unsupervised segmentation algorithm. The coverage of
the trajectory segment represents the coverage of the result of the algorithm segmentation in
the original annotation segment. The coverage threshold of the trajectory segment is set in
advance by the desired segmentation result, which realizes the flexible adjustment in the seg-
mentation process of the algorithm. The algorithm idea of the improved PGRASP-UTS is as
follows:

1. The greedy coefficient α and the minimum length minT ime of the trajectory segment
are extracted;

2. The maximum number of trajectory segments that can be constructed is calculated ac-
cording to minT ime, and the subsection feasible solution is constructed greedily and randomly;

3. The optimal solution of the segment is updated by local search;
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4. After calculating the coverage of the trajectory segments, the greedy coefficient and
the minimum length of the trajectory segment are extracted from the sets until the minimum
coverage condition is satisfied.

Algorithm 1 GRASP-UTS

Input: A set of trajectory points ordered by time TN= (p1, p2, · · · , pN)

A minimum time for constructing trajectory segments min T ime

A segmentation factor pf

A Greedy coefficient threshold α

Output: A set of trajectory segments θT = (s1, s2, · · · , sT )

01: max Num ⇐ N ∗ val/min T ime

02: c ⇐ TN= (p1, p2, · · · , pN)

03: repeat

04: sm ⇐ random(c)

05: Add sm into ϕT

06: θT ⇐ BuildSegments (TN , ϕT , pf)

07: if (θT · time < min T ime))

08: Del sm from ϕT

09: end if

10: until c = = null or θT · size = = max Num

11: step ⇐ pf ∗ si · size

12: for (i = 1 → T )

13: for (j = u → v ;j + = step)

14: θT ⇐ BuildSegments (TN , ϕT , pf)

15: if (θT · time � min T ime)

16: list ⇐< pj , cost >

17: end if

18: end for

19: Arrange list in ascending order of cost

20: RCL = (p1, · · · , pl), l = α ∗ list · size

21: end for

22: return BestθT
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The framework of PGRASP-UTS is shown in Algorithm 2.

Algorithm 2 PGRASP-UTS

Input: A set of trajectory points ordered by time TN= (p1, p2, · · · , pN)

A minimum coverage (min Cov) of trajectory segment

A minimum time set (min T imelist) to create a segment

A Greedy coefficient set αlist

Output: A set of trajectory segments θT = (s1, s2, · · · , sT )

01: for (i = 1 → T )

02: min T ime ⇐ random(minT imelist)

03: α ⇐ random(αlist)

04: θT ⇐ Greedy Randomized Construction Procedure(TN , min T ime,α)

05: θT ⇐ Local Search Procedure(TN , min T ime,α)

06: Update Best Solution (θT , BestθT )

07: if Cov(BestθT , θT ) < min Cov then

08: Update (minT imelist, αlist)

09: end if

10: end for

11: return BestθT

3.1.4 Segment Evaluation

Reference [39] uses trajectory segment coverage and trajectory segment purity to evaluate
the effectiveness of segmentation. Trajectory segment coverage represents the degree of cover-
age of the algorithm segmentation results in the original labeled segmentation. For example,
Suppose that segment s1 = (p5, p6, · · · , p11) and segment s2 = (p12, p13, · · · , p16) are obtained
through an algorithm, and s = (p5, p6, · · · , p13) in the original trajectory segment is marked
as a non-fishing vessel, then s1 is the trajectory segment with the highest coverage, with a
coverage of 7/9 = 0.78. That is to say, 78% of the trajectory points in segment s are covered
by s1. The formula for calculating average coverage is as follows:

AvgCov(ψV , θT ) =
100
V

(
V∑

i=1

argmax
j∈[1,T ]

Nc(ψV , θj)
Ni

)
. (7)

Among them, ψV and θT represent the annotated set of segments and the segmented set
after algorithm segmentation, represents the number of trajectory points for segment ψi, and
Nc(ψV , θT ) represents the number of trajectory points for segment θj obtained through algo-
rithm segmentation.
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The purity of trajectory segments represents the proportion of trajectory points labeled
with the most frequent behavior in the segmentation results of the algorithm. For example, if
segment s1 obtained by the algorithm contains 25 points, and the ship has no fishing operation
(NOT-FISHING) among the 20 points, and is fishing operation (FISHING) among the 5 points,
the purity of trajectory segments is 20/25 = 0.8, because the most frequent behavior label is
non fishing operation, which means that 80% of trajectory points belong to the same label
(NOT- FISHING). The formula for calculating average purity is as follows:

AvgPur(θT , ηL) =
100
T

(
T∑

i=1

arg max
j∈[1,L]

(
Nij

Ni

))
. (8)

Among them, ηL represents the set of labels in the dataset, Ni represents the number of
trajectory points in segment θi, and Nij represents the number of trajectory points with label
ηj in segment θi. The greater the probability that the trajectory points with the same behavior
will be divided into the same segment.

3.2 Trajectory Compression

Three common segmentation linear approximation trajectory compression algorithms are
compared and analyzed in segmentation and compression, including the offline compression
Douglas-Peucker algorithm, the online compression Sliding Window algorithm and the im-
proved Sliding Window algorithm[12]. The off-line compression algorithm needs to compress
the complete trajectory time series. The online compression algorithm can compress the tra-
jectory while obtaining the trajectory points.

3.2.1 Douglas-Peucker Algorithm

Trajectory compression algorithm should retain more appropriate trajectory points, rather
than randomly retain trajectory points. The DP Algorithm[13, 40] is a compression algorithm
that can retain more appropriate points. Its main idea is to replace the original trajectory with
several line segments. The basic steps of the DP algorithm are shown in Figure 3. First, take
the straight-line segment between the first point and the last point on the trajectory as the
approximate trajectory, calculate the vertical Euclidean distance from the point to the segment
for the middle point, and select the point with the maximum distance; then add this point
as a splitting point to the approximate trajectory if the maximum distance exceeds the preset
distance threshold and the whole trajectory is divided into two sub trajectories; repeat the
above steps for the two sub tracks respectively until the maximum vertical distance in the sub
trajectory is less than the distance threshold or there are only two points in the trajectory
(start point and end point).

P1

P2
P3 P4

P5
P6

P7

P8
P9 P10

P11

P12

(a)

P1

P2
P3 P4

P5

P6

P7

P8

P11

P12

(b)

Figure 3 Douglas-Peucker compression algorithm
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3.2.2 Sliding Window Algorithm

The core of the typical Sliding Window compression algorithm is to process only three
points all the time, and use the idea of gradual compression to transmit the data in the form
of a stream for online compression[41].

P1

P2
P3

P4

P5
P6

P7

P8

P9 P10

P11

P12

Figure 4 Sliding Window compression algorithm

However, once some changes occur at the start or end of the trajectory, it is necessary to
recalculate the vertical distance from all trajectory points to the start and end points, which
increases the complexity of the whole algorithm and reduces the efficiency of the algorithm.
To solve this problem, the maximum offset distance reference trajectory point in the sliding
window is proposed as the criterion of whether the current trajectory point to be compressed
can be compressed[42]. In this way, when there is a change in the sliding window, only the
vertical distance between the reference trajectory point with the maximum offset distance and
the current trajectory point to be compressed and the straight line between the start trajectory
point and the end trajectory point need to be calculated, so as to significantly reduce the
complexity of the algorithm and the compression processing time. According to the principle
of plane analytic geometry, the calculation formula of vertical distance dcur from the point to
the line is as follows:

dcur=
√

(xPcur − xP ′
cur)

2 + (yPcur − yP ′
cur )2 (9)

xP ′
cur=

xPcur +K · (yPcur − yPstart) +K2 · xPstart

1 +K2
(10)

yP ′
cur

=xPcur +K · (xP ′
cur

− xPstart) (11)

where, K = yPend
−yPstart

xPend
−xPstart

, similarly, maximum offset distance dm can be calculated. The basic
steps of the Improved Sliding Window algorithm are shown in Figure 5.

The comparison of the characteristics of the three algorithms is shown in Table 1.

Table 1 Comparison of three compression algorithms.

Algorithm Distance On/Off line Complexity Error

Douglas-Peucker vertical off O(n log n) spatial distance

Sliding Window vertical on O(n2) spatial distance

Improved Sliding Window vertical on O (n) the maximum offset distance
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Figure 5 Improved Sliding Window compression algorithm

4 Results

4.1 Experimental Setting

The compression results of three compression algorithms before and after segmentation are
com-pared and analyzed by a large number of experiments. The specific configuration is as
follows: Windows10, Intel Core-i5-8259U, CPU 2.30 GHz 8 GB RAM, python3.7, and IDE is
PyCharm. The open data set of trajectories of Brazilian coastal fishing vessels over a period
of time is adopted, including ship longitude and latitude, operation start and end time, aver-
age speed (speed inference m s), direction change (direction inference) and other information.
Partial information of one of the trajectories is intercepted as shown in Table 2.

Table 2 Brazilian coastal fishing vessel data sets

tid sid latitude longitude time d i s i m s label

1 1 −5.778 −35.206 2004/4/14 3:16 0 0 NOT FISHING

1 1 −5.778 −35.206 2004/4/14 4:08 0 0 NOT FISHING

1 1 −5.778 −35.206 2004/4/14 5:52 4.09 0 NOT FISHING

1 1 −5.764 −35.205 2004/4/14 20:06 56.56 0.01 NOT FISHING

1 1 −5.701 −35.093 2004/4/14 21:00 0.5 4.39 NOT FISHING

The average velocity and direction change are selected as the point features of the method.
In order to determine the impact of segmentation algorithm on trajectory compression per-
formance, a trajectory shown in Figure 6(a) is selected (tid = 4). Based on PGRASP-UTS
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trajectory segmentation algorithm, we divide the trajectory into 5 sub trajectory segments, as
shown in Figure 6(b).

 －48  －46   －44    －42    －40  －38    －36   －34   －32   －30

4
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(a) Operation trajectory

－37    －36      －35      －34     －33     －32

2

0

－2

－4

－6

(b) Trajectory segments

Figure 6 One operation trajectory and segments of Brazilian coastal fishing vessel (tid = 4)

4.2 Compression Evaluation and Algorithm Comparison

4.2.1 Evaluation Criteria

In order to evaluate the compression effect, this paper adopts the most common performance
evaluation methods[43, 44]: compression time T , compression ratio R and compression error E.
They are defined as follows:

Compression time T : Time before compression T1 and time after compression T2.

T = T2 − T1. (12)

Compression ratio R: The number of trajectory points before compression M and after
compression N .

R =
N

M
× 100%. (13)

Distance error E: The average distance between the non-feature point and its two adjacent
feature points, lk is the distance between the non-feature point k and the adjacent feature
points.

E =
1

M −N

k=M−N∑
k=1

lk. (14)

On the premise of satisfying the compression error (E ≤ 5%), this paper carries out three
algorithms for segmented compression based on the trajectories before and after segmentation,
and the threshold value obtained takes the sliding window as an example, as shown in Figure 7.
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Figure 7 Relationship between compression threshold and error of

the Sliding Window algorithm (tid = 4)

4.2.2 Algorithm Comparison of Segmentation

In this section, we compare PGRASP-UTS with other existing trajectory data segmentation
algorithms, including Warped K-Means (W-Kmeans), as they are all unsupervised methods and
use different cost functions to generate trajectory segments; The CB-SmoT algorithm belongs
to the supervised method, which compares explicit standards with SGRASP-UTS through
application; GRASP-UTS algorithm and RGRASP SemTS algorithm.

Table 3 Comparison of segmentation results of several trajectory segmentation algorithms

Algorithm Average purity (%) Total number of segments

CB-SmoT 91.13 189

W-Kmeans 91.16 122

GRASP-UTS 91.37 96

RGRASP-SemTS 88.50 56

PGRASP-UTS 91.34 75

In terms of trajectory average purity, PSGRASP-UTS is similar to the GRASP-UTS algo-
rithm and has a certain improvement compared to the other three algorithms. This indicates
that the proportion of trajectory points with the same label in the segmented segment of the
algorithm is relatively small compared to the other three algorithms. This may be due to the
fact that the average number of trajectory segments in the algorithm in the article is rela-
tively small, resulting in a higher number of trajectory points in the trajectory segments, which
increases the number of trajectory points with different labels and reduces the purity of the
trajectory segments.

4.2.3 Algorithm Comparison of Single Trajectory

Take the maximum thresholds of three algorithms DP (Douglas-Peucker), SW (Sliding
Window), ISW (Improved Sliding Window) to compress the trajectory of ship tid = 4. The
compression results before and after segmentation of single trajectory are shown in the Figure
8∼10.
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Figure 8 Fitting diagram of DP algorithm before and after segmentation (trajectory

points: 173 / 205 before segmentation, 158 / 205 after segmentation)

Figure 9 Fitting diagram of SW algorithm before and after segmentation (trajectory

points: 171 / 205 before segmentation, 157 / 205 after segmentation)

Figure 10 Fitting diagram of ISW algorithm before and after segmentation (trajec-

tory points: 154 / 205 before segmentation, 95 / 205 after segmentation)
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Table 4 Comparison of compression ratios before and after segmentation

Algorithm compression ratio (%)

before segmentation

compression ratio (%)

after segmentation

DP 84.39 77.07

SW 83.41 76.59

ISW 75.12 46.34

Figure 8 shows that the compression ratio of the DP algorithm decreased by 6.73% after
segmentation, which means that the segmentation algorithm is also effective in improving of-
fline compression ratio. From the comparison results of Figures 9 and 10, it can be seen that
the improved sliding window algorithm can achieve lower compression ratio after segmentation,
and the visually distinguished feature points can be preserved. Therefore, it can be seen that
the three compression algorithms compress the same trajectory time series, and the compressed
trajectory curve has a high degree of fit with the original trajectory, and the segmented tra-
jectory time series has a low compression ratio under the condition of more retaining the start
and end points of trajectory segmentation, which improves the work efficiency for the follow-up
trajectory mining to a certain extent.

4.2.4 Algorithm Comparison of Multiple Trajectories

In order to compare the errors of the three algorithms in multi trajectory compression,
we selected 3000 trajectory time series in a certain period of time for compression. Figure 11
shows the execution time required for the three algorithms to meet similar compression errors
by compressing different amounts of trajectories in the data set before and after segmentation.

Figure 11 Comparison of compression time before and after segmentation of three algorithms
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5 Discussion

It can be seen from the results that the overall compression efficiency of the DP algorithm
is higher than that of the SW algorithm and its improved algorithm, and the compression
efficiency difference is becoming larger and larger with the increase of data volume. When
the data volume is small, the three algorithms have similar compression efficiency before and
after segmentation. However, when the amount of data is large, the compression efficiency
of the three algorithms after segmentation is higher than that before compression. What’s
more, with the increase of data volume, the compression time of DP algorithm before and after
segmentation increases significantly, while the compression time of ISW algorithm remains at
a low level. From this we can find that:

1. The unsupervised segmented data not only retains the initial feature points of segmen-
tation, but also improves the compression efficiency to a certain extent;

2. The segmented DP segment algorithm has lower compression efficiency and is only
suitable for small-scale trajectory time series compression in the offline state;

3. The segmented SW segment algorithm and the improved ISW segment algorithm always
have high compression efficiency for any scale of trajectory time series compression;

4. The improved algorithm shows better performance as the amount of data increases so
it is more suitable for any scale of trajectory time series online compression scenarios. In
summary, the segmented compression algorithm improves the compression ratio while ensuring
compression error, and the compression efficiency also improves with the increase of the number
of trajectories.

6 Conclusions

Most of the existing trajectory time series compression algorithms are based on the original
trajectory segments of the data set. The idea of adaptive parameter unsupervised trajectory
segmentation proposed can not only fully retain the semantics and characteristics of the start-
ing point of each trajectory segment, but also adaptively adjust the segmentation parameters,
which also improves the compression efficiency of offline and online trajectory compression al-
gorithms. And the segmentation method PGRASP-UTS has little effect on the parameters of
the subsequent compression algorithm, and has good applicability to both the basic algorithm
and the improved algorithm. The segmentation algorithm proposed is applied to ship trajec-
tory data compression, which improves the efficiency of computer operation and provides a
theoretical basis for future research on ship trajectory big data processing, ship motion pattern
recognition, ship motion feature extraction, and single ship behavior.However, the current un-
supervised trajectory segmentation trajectory compression algorithm still has some limitations,
that is, when the amount of data is huge, parallel computing is required. It is hoped that
the unsupervised trajectory segmentation trajectory compression algorithm proposed can be
applied to more trajectory mining scenarios based on the support of big data framework, in
particular, the research on multi-dimensional attributes and complex data types of trajectory
time series is the focus of our next research. We also hope to optimize the loss function, es-
pecially when dealing with non numerical attributes, how to consider them will be our next
research topic.
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