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OPEN A method for compressing AIS

trajectory based on the adaptive
core threshold difference
Douglas—Peucker algorithm

Ting Zhang'%*, Zhiming Wang¥* & Peiliang Wang'***

Traditional trajectory compression algorithms, such as the siliding window (SW) algorithm and the
Douglas—Peucker (DP) algorithm, typically use static thresholds based on fixed parameters like ship
dimensions or predetermined distances, which limits their adaptive capabilities. In this paper, the
adaptive core threshold difference-DP (ACTD-DP) algorithm is proposed based on traditional DP
algorithm. Firstly, according to the course value of automatic identification system (AlS) data, the
original trajectory data is preprocessed and some redundant points are discarded. Then the number
of compressed trajectory points corresponding to different thresholds is quantified. The function
relationship between them is established by curve fitting method. The characteristics of the function
curve are analyzed, and the core threshold and core threshold difference are solved. Finally, the
compression factor is introduced to determine the optimal core threshold difference, which is the key
parameter to control the accuracy and efficiency of the algorithm. Five different algorithms are used
to compress the all ship trajectories in the experimental water area. The average compression ratio
(ACR) of the ACTD-DP algorithm is 87.53%, the average length loss ratio (ALLR) is 23.20%, the AMSED
(mean synchronous Euclidean distance of all trajectories) is 68.9747 mx, and the TIME is 25.6869 s.
Compared with the other four algorithms, the ACTD-DP algorithm shows that the algorithm can not
only achieve high compression ratio, but also maintain the integrity of trajectory shape. At the same
time, the compression results of four different trajectories show that ACTD-DP algorithm has good
robustness and applicability. Therefore, ACTD-DP algorithm has the best compression effect.

Keywords AIS, Ship trajectory, Trajectory compression, ACTD-DP algorithm

With the deepening of global economic integration, the maritime industry’s role within the global economic
system has become increasingly pivotal. The density of ship traffic in coastal ports, estuarial jetties, and other
water areas continues to rise. The complex navigational environment presents novel challenges to maritime traf-
fic supervision authorities and staff'>. As an important carrier of ship motion information, AIS facilitates ship
supervision and management. In accordance with the requirements of the SOLAS (International Convention
for the Safety of Life at Sea), an increasing number of ships are mandated to be equipped with AIS devices to
mitigate the risk of maritime collisions’.

The massive AIS data information provides significant support for research across various domains, includ-
ing studies on ship behavior patterns*®, maritime route planning®’, and navigation safety®*°. However, the raw
AIS data contains a plethora of redundant information, which can adversely affect the processing time of ship
trajectories!! .Therefore, studies on the characteristic direction of ship trajectory all need to compress AIS data,
such as ship navigation prediction'*and ship abnormal behavior detection'**4,

Compression algorithms commonly used for AIS data can be categorized into offline and online approaches.
Offline compression algorithms include the Douglas-Peucker (DP) algorithm!® and the TD-TR (top-down time
ratio)algorithm'® etc., while online compression algorithms encompass the Sliding Window (SW) algorithm'”
and the opening window time ratio (OPW-TR) algorithm'® etc. Among these, the selection of the threshold value
is most critical when utilizing algorithms such as DP and SW for the compression of AIS data. The literature'’
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synthesized the ship’s course deviation, position deviation and the spatiotemporal characteristics of AIS data to
set the threshold value of SW algorithm. This approach facilitates the extraction of key feature points from the
ship trajectory, thereby ship trajectory data is compressed. But the choice of distance and angle thresholds needs
to be analyzed according to the experimental waters and the type of vessel, the distance threshold in paper was
set as [0.731, 1.274] times the ship width, and the Angle threshold was set as [3.8°5.0°]. The literature?” enhanced
the traditional SW algorithm by combining speed values varied significantly. The threshold was dynamically
adjusted to reduce the scale deviation caused by the speed difference. Consequently, it more effectively pre-
served the shape characteristics of the ship trajectory. However, this method is more suitable for trajectories
with obvious velocity changes, and the improvement effect may not be as good as expected for trajectories
with little velocity changes or simple motion modes. The literature®! initialized and dynamically adjusted the
threshold of DP algorithm to proportion value of the ship’s length, based on the characteristics of ship trajec-
tory.The literature statistically analyzed the relative azimuth differences between trajectory points to identify
and order the features points, thereby yielded the final compressed trajectory. The literature uses the parameter
self-selection method for the Silhouette Coeficient scores, but the determination of the optimal parameter
combination will require extensive experiments and adjustments.Based on the traditional DP algorithm, the
literature? used the minimum ship domain evaluation method to optimize the threshold setting method, and
combined the ship parameters and maneuverability to set the threshold to 0.8 times the ship length. However,
the selection of threshold value is based on the empirical method, and the generalization ability of the method
is insufficient. Based on the traditional DP algorithm and SW algorithm, literature?® combined with the space
and motion characteristics of the trajectory, applied statistical theory to determine the algorithm threshold for
compression. The paper recommended that the distance threshold value for DP algorithm was 0.8 times the
ship length and the threshold coefficient of SW algorithm was 1.6.The threshold value in the literature is a fixed
value and cannot provide an adaptive adjustment mechanism. The author® compressed ship trajectory using
DP algorithm, and a novel metric known as ACS(Average Compression Score) was introduced as an evaluative
criterion. But the choice of the most threshold is still based on experience, especially the determination of the
optimal ACS value. The distance threshold of DP algorithm was set 0.87 nautical miles, the ACS reaches the
optimal value of 0.1472, and the compression rate can reach 92.59%. The literature® , aiming to facilitate the
rapid display of AIS trajectories on ECDIS (Electronic Chart Display and Information System), has utilized DP
algorithm for compressing ship trajectory on nautical charts of varying scales. However, the threshold value is
obtained based on the test of the research water area, and the generalization ability is weak. The results show
that the recommended threshold range was [10,20] meters and the compression ratio was [94%,97%] for charts
(scale 1:100,000 to 1:2990,000), while the recommended threshold was 20 meters and the compression ratio
was 97% for charts (scale 1:3,000,000). The literature®® introduced the ADPS (Adaptive Douglas-Peucker with
Speed) algorithm, which combined trajectory characteristics, the rate of change of ship speed, and the distances
between feature points to automatically calculate and set thresholds suitable for each trajectory. This approach
ensured the retention of key features and pertinent information while the trajectory was compressed. However,
the performance of the algorithm still depends on the initial setting of some parameters, such as the method
of determining the baseline. The literature?” used DP algorithm with distinct distance thresholds to compress
the upbound and down-bound trajectories respectively. The DTW (Dynamic Time Warping) algorithm was
used to evaluate the compression effect and solved the optimal compression threshold. However, the threshold
determined by this method depends on the set of threshold values, so it is easy to fall into the local optimal value.
The literature? proposed the MPDP (Multi-Objective Peak Douglas-Peucker) algorithm, which adopted a peak
sampling strategy. The three optimization objectives of the trajectory, spatial characteristics, course, and speed,
were considered. Additionally, the obstacle detection mechanism was added, aiming to achieve a compression
algorithm more suited for curved trajectories. However, the threshold of this method is still a fixed value and
lacks adaptability. The literature? proposed the PDP(Partition Douglas-Peucker) algorithm, which partitioned
ship trajectory shapes and employs dynamic threshold settings to enhance the efficiency and accuracy of trajec-
tory compression. This approach has successfully reduced the time required for compression and minimized
data loss. However, the dynamic threshold determination within the PDP algorithm is still anchored to the ship’s
length, which limits its adaptiveness. The literature®® proposed the ADP(Adaptive-threshold Douglas-Peucker)
algorithm, which makes the threshold setting more flexible and accurate, and improves the computational effi-
ciency of the algorithm by using matrix operations. However, when the cyclic ship trajectory was compressed
by the ADP algorithm, the critical point information was lost more. At the same time, the complexity of ADP
algorithm was higher to increase the calculation time and storage cost.

Summarizing the aforementioned research, the selection methods for threshold values in compressing
ship trajectories based on DP and SW algorithms are primarily based on expert experience or trial-and-error
approaches. The subjective of expert experience method is high, necessitating multiple iterations and experi-
ments to ascertain the threshold values, resulting in low work efficiency. The thresholds set by the trial-and-error
method are mostly based on the ship field or the ship static information, such as length and width, which are
limited by the sailing waters and ship types. Furthermore, erroneous information within massive AIS datasets
can also impact the setting of thresholds, thereby the compression effect can be diminished.

To overcome the deficiencies and limitations of DP algorithm in threshold setting, which is often based on
expert experience or trial-and-error approaches, this paper proposes the ACTD-DP (Adaptive Threshold Dif-
ference -DP) algorithm. The ACTD-DP algorithm effectively reduces the reliance on experience or static ship
information for threshold determination, demonstrating good applicability. Moreover, the ACTD-DP algorithm
is suitable for compressing trajectory data of different types of water area and ship types, exhibiting strong
robustness.

The remainder of this paper is organized as follows. In “Methods”, the traditional DP algorithm , relevant defi-
nitions and evaluation metrics are introduced, while the logic and flow of ACTD-DP algorithm are introduced.
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In “Experiment and analysis”, the experimental results of different algorithms are compared and analyzed in the
selected research area. In “Discussion and conclusion’, this paper is discussed and summarized , and the direc-
tions of future research are outlined.

Methods
Traditional DP algorithm
The DP algorithm, initially introduced by Douglas and Peucker in 1973, is predicated on the concept of
“straightening the curve” by approximating a curve with a series of points and reducing the number of points,
which is commonly utilized for simplifying the motion trajectories of objects.

Assuming a curve is constituted by a set of points {P;, P;, P3, P4, P5, Ps} as shown in Fig. 1a, with a given
threshold . The compression process of the DP algorithm is proceeds as follows:

® (1) Connect the beginning and end of the curve P; - Pg as the baseline line (dashed line in Fig. 1a), calculate
the vertical distance between the remaining points and the reference line, and obtain the maximum distance
value dyqx1and corresponding points Py.

® (2)Ifduax < &, all the intermediate points are removed, and the curve point set is compressed as {P;, Pg};
otherwise, save Py as the key point, and divide the curve into two sub-curve point sets: {P;, P, P3, P4} and
{P4, Ps, Pg}, as shown in Fig. 1b. The reference lines are P; - P4 and P4 - Pg respectively.

® (3) Repeat steps (1) and (2) for the above two sub-curves respectively, as shown in Fig. 1b, c. Finally, the
compression curve is {Py, P2, Py, Ps} , as shown in Fig. 1d.

Relevant definition of trajectory compression

Projection

Ship trajectory is similar the curve shown in Fig. 1, thus by setting an appropriate threshold, the DP algorithm
can detect and retain the critical points, discard non-critical points within the ship’s trajectory. During com-
pressing the curve by DP algorithm, distances and thresholds are calculated based on the Cartesian coordinate
system. However, ship trajectory point data are typically based on the geographic coordinate system, where
the calculation of spherical distances is more complex, particularly when determining the distance between a
trajectory point and a line.

Consequently, prior to the compression of ship trajectories by DP algorithm, a transformation from the geo-
graphic coordinate system to the Mercator projection coordinate system is required to facilitate the calculation
of distance values, which is called projection.

(4, ) denote the longitude and latitude value of the trajectory point in the geographical coordinate system,
and (x, y) represents the coordinate value projected in the Mercator coordinate system. The conversion formula
is as follows:

R— _ Jcosgp
q = In(tan(% + %)ﬂ(};j%ﬁ)e/z) (1)
x=R
y =Reg

where, R represents the parallel circle radius of standard latitude; § represents the long radius of the earth’s
ellipsoid; ¢ represents the standard latitude in the Mercator projection; e represents the first eccentricity of the
earth ellipsoid; q represents isometric latitude.

(c) (d)

Figure 1. DP algorithm.
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Algorithm performance evaluation metrics

As shown in Fig. 2, let Tragg = {P1, P2, - - , Py} be the original ship trajectory, Tracmp = {P1, Py}, and n be the
compressed trajectory and n be the number of trajectory points. Each trajectory point encompasses two funda-
mental attributes: coordinate values and a timestamp, that is, P; = {x,-, Virti }

Definition 1 SED (synchronous euclidean distance). SED is generally used to evaluate the effectiveness of
compression. SED denotes the Euclidian distance between the point P1 in the original trajectory Trao,g and the
corresponding position Psy, in the compressed trajectory Tra.y, , calculated in proportion to time. Py, is the
foot of P; on the compression trajectory, P; P4 length is the vertical Euclidean distance corresponding to P;,

and P;Pgyy length is the corresponding to P;. Pgyy, (xsy,,, ysy,,) coordinates of trajectory points and corresponding
SED formulas are as follows:

Xsyn = X1 + (%)(xn —x1) stm > 1 > 1
ysyn:y1+(:;:€ll)( n_)’l) stm > 1 > 1 (2)
2 2
SED; = \/ (xi — xgn)” + (i = Yym)

The mean SED of a single trajectory is denoted as MSED and the mean SED of all trajectories is expressed as
AMSED. The formula is as follows:

i=1
N MSED; ®

where, N represents the number of all trajectories.

MSED represents the location discrepancy between the original trajectory and the compressed trajectory,
and the smaller the value, the smaller the discrepancy, the smaller the trajectory distortion, and the higher the
integrity of the trajectory shape.

Definition 2 CR (compression ratio). CR is the ratio of the number of points discarded during the compression
process to the total number of points in the original trajectory. When only the CR is considered, the higher the
CR, the better the compression effect of the compression algorithm. The formula is as follows:

CR=1-—a (4)

ACR (average compression ratio) denotes the average compression ratio of all trajectories. The formula is as
follows:

N
1
ACR =~ J:Zl CR; (5)

The CR indicates the compression degree of the algorithm on the trajectory. The larger the value, the higher the
compression degree of the trajectory, and the simpler the compression trajectory obtained.

Define 3 LLR (length loss ratio). LLR is the ratio of the reduced length of the compressed trajectory to the
length of the original track. The formula is as follows:

P:'
m*"‘:’,%"'-«.h
- | "
- “‘wﬂ / - ", Pn 2 P
P: w..-r"*'“ / ‘ ; -
- / | d=<€
/ I
/ |
P, _____‘___.______________P“
P‘Z"-“ Ppﬂﬂ

Figure 2. Trajectory compression diagram.
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Len=3 1", \/(xi —xi41)* + (i _yi+1)2

LLR = Leno,gfLencmp (6)
- Lenorg

where, Len,, represents the length of the original trajectory; Leny, represents the length of the compressed

trajectory.
ALLR (average length loss ratio) denotes to the mean LLR of all trajectories. The formula is as follows:

N
1
ALLR = ; LLR; )

The LLR denotes the degree of loss on the track length. The larger the value, the more length information is lost
during the compression process, and the greater the probability of deviation of some track features.

Define 4 TIME TIME is the total time taken by the algorithm to compress all trajectories in the current research
area.

ACTD-DP algorithm

The purpose of trajectory compression is to reduce the number of trajectory points while maintaining the
integrity of the trajectory’s shape, thereby enhancing the velocity of trajectory display and processing. The goal
is to achieve an optimal balance between the quantity and the quality of the trajectory points. The compression
quality of DP algorithm is predominantly determined by the threshold value. The larger the threshold value, the
higher the compression rate and the larger the trajectory distortion; the smaller the threshold value, the lower
the compression rate and the smaller the trajectory distortion.

Traditional DP algorithms and the aforementioned studies in references**~* set threshold values based on
static information such as ship length, ship width, and fixed distance values, which diminishes the algorithm’s
adaptive capacity. The ACTD-DP algorithm is proposed, as depicted in Fig. 6, drawing on the conceptual frame-
works of the PDP algorithm? and the APD algorithm®’. The ACTD-DP algorithm employs an adaptive threshold
difference approach, aiming to diminish reliance on static information. Initially, the original trajectory data is
preprocessed using the course attribute from AIS data, the certain trajectory points are discarded. Subsequently,
a curve fitting method is used to establish a functional relationship between the threshold and the number of
trajectory points. The characteristics of the function curve are then analyzed to determine the core threshold and
the core threshold difference. Finally, the compression factor is introduced to ascertain the optimal threshold dif-
ference, which serves as the key parameter to control the accuracy and efficiency of the algorithm. In comparison
with the PDP and ADP algorithms, the ACTD-DP algorithm is capable of achieving a higher compression rate
while maintaining the integrity of the trajectory shape. Additionally, the ACTD-DP algorithm demonstrates
adaptability across various maritime environments and ship types.

22-25

Preprocessing trajectory

Compared with the traditional DP algorithm, ACTD-DP algorithm needs to solve the optimal core threshold
difference, which may increase the algorithm’s execution time. To reduce the time consuming of the ACTD-DP
algorithm, this paper processes the data and eliminate the noise data, drift data and other outliers in the data.
After that, following the approach in reference', this paper preprocesses the data based on the course differ-
ences between original trajectory points to reduce the number of trajectory points. The trajectory preprocessing
method is as follows:

® Let Traog be the original trajectory (Fig. 2) and 6y, be the course change threshold . Then {Py, P} is saved in
the preprocessing trajectory.

e Tteratively calculate the course difference between adjacent trajectory points as Af. If A@ > 6y, the point is
saved to middle Trape; Otherwise, the point is discarded.

® To ensure data integrity, if the number of points discarded between adjacent two points in Tray is higher
than that of An (the general value is[10, 30]), trajectory points are selected from Tra,, in equal proportion
with equal proportional interpolation and saved to Trapy .

The DR (discard ratio) is the ratio of the number of points discarded during the preprocessing of the trajectory
to the total number of points in the original trajectory. Based on the experimental AIS data (as described in
“Description of experimental data”), the relationship between DR and AMSED values with respect to threshold
Oy, is depicted in Fig. 3. When threshold 8, < 10°is set, both DR and AMSED exhibit more pronounced changes.
At threshold 6y, = 1°, DR is 42.89% and AMSED is 8.5372 m. When threshold 6;, = 10° is used, DR increases
t0 72.30% and AMSED to 17.30 m. At threshold 6, > 10°, the variation in DR is relatively minor. Compared to
the data in Table 5, the AMSED values presented in Fig. 3 are consistently lower, indicating minimal distortion
of the trajectory and a minor impact on the trajectory’s shape features due to the discarded points. Consequently,
the threshold 8y, = 10° and the number of points An = 10 are selected for further analysis.
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Figure 3. DR and AMSED values with respect to threshold 6y,

Fitting thresholds-points function
The threshold of trajectory compression algorithms based on DP algorithm is directly correlated with the number
of points in the compressed trajectory, which subsequently affects the quality of the compressed trajectory. To
quantify this relationship between the threshold values and the number of trajectory points for the ACTD-DP
algorithm, this paper , based on the experimental AIS data(as detailed in “Description of experimental data”),
presents a statistical analysis of the total number of compression trajectory points across a threshold range of
[0.01, 10] times the ship’s length, as depicted in Fig. 4a. Statistical analysis demonstrates a nonlinear negative
correlation between threshold values and the count of trajectory points. Initially, when the threshold is smaller,
there is a significant and rapid decrease in the number of trajectory points. Subsequently, with an increase in
the threshold, the rate of reduction in trajectory points attenuates, and in certain regions, there may be observed
slight oscillations or a tendency towards rebound.

According to the curve (Fig. 4a) analysis, the functional relationship between the thresholds and the number
of trajectory points may conform to the characteristics of power function and exponential function. Therefore,
the fitting function equations can be assumed to be:

y =o1x” (8)

y =w3 * exp(wy * x) + w5 * exp(we * Xx) 9)

where, w;(i = 1,2...6) represents the equation parameters.

72108 ; . . .
O Points Count N O Points Count
Equation(8): y = 21217.50 x %
6 Equation(9): y = 31408.13 exp(-3.23 *x)+18143.75 *exp(-0.04 *x) | 1
5 N
<
=1
o
(&)
8
£
<)
o

1 1 1 ) 1 1 1 1 I

4 6 8 10 0 2 4 6 8 10

e(multiples of ship length) /(m) e(multiples of ship length) /(m)

(a) (b)

Figure 4. Thresholds-points function fitting. (a) Thresholds-points statistics and (b) the fitting function curves.
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Then, The equations are solved according to the statistical data, and the parameter values are obtained as
shown in Table 1. The fitting function curves were shown in Fig. 4b.

Finally, the determination coeflicient is selected as the Goodness of Fit for the two functions. The determi-
nation coefficient, as R?, is the description of the degree of variation of the function independent variable and
dependent variable, and it is an essential metric for assessing the fit of a regression equation. The formula for its
calculation is as follows:

~\2
Sr =200 (i = 71),
Si= 20 (0 =3) (10)
2 __ r
where, S, represents residual sum of squares; S; represents total sum of squares; y; represents the actual value; y;
represents the fitting curve value; y represents the average value.

The determination coefficients for Eq. (8), R? = 0.9872, and for Eq. (9), R? = 0.9589, indicate that the values
derived from Eq. (8) are closely aligned with the actual data, signifying a higher degree of fit for the curve equa-
tion and greater applicability. Consequently, the power function, the thresholds-points function, is selected to
represent the functional relationship between the threshold and the number of trajectory points.

Optimal core threshold difference calculating
After the thresholds-points function has been established, the further analysis of the function curve character-
istics is necessitated. This is essential for evaluating the compression effectiveness during the trajectory com-
pression process. It is imperative to establish an intrinsic link between the curve and the ACTD-DP algorithm.
Additionally, the role of thresholds or differences therein within the algorithm must be explicitly defined.
When the ACTD-DP algorithm compresses the trajectory, the maximum distance of all trajectory points to
the baseline (similar to that depicted in Fig. 1) within each compressed trajectory segment is calculated. This
maximum distance value is hypothesized as the core threshold for that trajectory segment, denoted as .The
difference in core thresholds obtained from two consecutive compressions is denoted as the core threshold dif-
ference. The formula is as follows:

ko gktl
Aé‘k = {’&‘core OO’SI?Z l,Other (11)

where, Agj represents the core threshold difference at the second compression; e
obtained during the second compression; k represents the compression order.

During the trajectory compression process, the overall trend of the core threshold difference is a gradual
decrease (as shown in Fig. 5a). When Ay < Ag, < Agg—_i(i = 1,2...,k — 1)is true, it indicates that the change
trend of core threshold difference tends to be stable, the trajectory shape changes little, and the trajectory com-
pression ratio also tends to be stable. At this point, Ag, is identified as the optimal core threshold difference,
achieving the best balance betweenbetween the quantity and the quality of the trajectory points, signifying the
completion of trajectory compression. Therefore, the process of balancing between the quantity and the quality
of the trajectory points is the process of searching the optimal core threshold difference.

Combined with the curve (Fig. 4a) analysis of Equation (8), the core threshold difference corresponds to the
derivative of the fitted curve (Fig. 5a). Consequently, the optimal core threshold difference can be calculated
based on the angle difference between two points on the fitting curve (as illustrated in Fig. 5b), where the core
threshold difference at the position of the maximum angle difference of the fitting curve is identified as the
optimal core threshold difference. The formulas for calculating the derivative of the fitting curve and the angle
difference are as follows:

represents the core threshold

1

y/ = w1 * Wy * X2~
(12)

— -1,/ !
Arg = ‘tan Ve~ Yir

The analysis (Fig. 5b) shows that when x = 0.4, the angle difference reaches the maximum, and the correspond-
ing optimal core threshold difference is Ag, = 3.097.

Paramet Parameter values | 95% confidence

w1 2.122e+04 (2.116e+04, 2.128e+04)
wy —-0.2344 (-0.236, —0.2327)

w3 3.141e+04 (3.07e+04, 3.211e+04)
[on -3.225 (-3.343,-3.107)

ws 1.814e+04 (1.797e+04, 1.832e+04)
ws —-0.03668 (—0.03839, -0.03496)

Table 1. Function equation parameter values.
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Figure 5. The fitted curve analysis diagram. (a) The derivative of the fitted curve and (b) the angle difference of
the fitted curve.

Compression factor

Different purposes of trajectory research require different compression effects. When studying the traffic flow
state of water area, the higher compression ratio is preferred; whereas when examining the ship navigation state,
the higher quality of compression is more desirable. To meet the diverse research objectives, this paper introduces
a compression factor, denoted as p, based on the optimal core threshold difference, with a default value of 0.5.

Ag, = 3.097 (%)’(0 <p<1 (13)
P

In summary, after the optimal core threshold difference is obtained, the trajectory compression can be carried
out. The ACTD-DP Algorithm flow is shown in Fig. 6, and the algorithm code is shown in Algorithm 1.
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Figure 6. Algorithm flow.

Scientific Reports |

(2024) 14:21408 |

https://doi.org/10.1038/s41598-024-71779-4

nature portfolio



www.nature.com/scientificreports/

Initialize:
An <20
AO < 10

Trapre < Calculate_Trap.(Traors, An,AG)

> Parameters initialization

> Turn point interval threshold
> Turn angle threshold

> Original trajectory data

Ag + 3.0970 x (%) > Calculate optimal threshold difference for compression

1:
2
3:
4: Trayg < datayg AIS
5
6
7

compressed_track < Adaptive_T hreshold_Dif ference_DP(Trapye,A€, )

adaptivethreshold-difference DP algorithm

8: function Calculate_Trapre(Tra,,, An, AO)

> Compress trajectory using

> Preprocessing trajectory

9: if Tra,., has < 500 rows then > If the number of trajectory points is too small, preprocessing is not performed
10: return Tra,,g
11 end if
12: current_Tra < Tray(1,:)
13: s 1 > Index of the current trajectory point

14: e+ 2 > Index of the next trajectory point
15: while ¢ < the number of rows in Tra,,, do > The specific methods described in Section 2.3.1
16: course_dif f < abs((Traorg(s,1) — Trayg(e,1)+180) mod 360 — 180)

17: if course_dif f > AO then

18: if ¢ — s > An then

19: insert_counts <— VM;SJ

20: for i < 1 to insert_counts do

21 current_Tra < [current_Tra;Traoye(s+ix An,:)]

22: end for

23: end if

24: current_Tra < [current_Tra;Trageg (e, )]

25: s<—e

26: end if

27: e<e+1

28: end while

29: columnData < the last element of each row in current_Tra

30: uniqueColumnData < the set of unique values in columnData > Discard duplicate values
31: Tra < Tra,, with second column values in uniqueColumnData

32: return Tra

33: end function

Algorithm 1. ATD-DP (Part 1).
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34: function Adaptive_T hreshold_Dif ference_DP(Tra, €, prev_maxdis_value_Tra)

3s: Input:

36: Tra > The current trajectory
37: £ > The current optimal core threshold difference
38: prev_maxdis_value_Tra > The core threshold difference of the last recursion
39: if Tra has < 2 rows then > If the number of trajectory points is too small, preprocessing is not performed
40: return Tra

41: end if

42: maxdis_id_pre + Calculate_distance_matrix(Tra,Tra(1, :),Tra(end, :))

43: maxdis_id_pos + the index of maxdis_id_pre in Tra(:,2)

44 if |maxdis_value_TS — prev_maxdis_value_Tra| > € then > Continue to segment the trajectory
45: segment1_TS < Tra(1 : maxdis_id_pos,:)

46: segment2_TS < Tra(maxdis_id_pos : end,:)

47: compressl < dp_auto_threshold(segment1_TS, €, prev_maxdis_value_Tra)

48: compress2 < dp_auto_threshold(segment2_TS,€,maxdis_value_TS)

49: return [compress1(1 : end — 1,:);compress2)

50: else

51 return [Tra(l,:);Tra(end,:)] > Add begin and end points
52: end if

53: end function

Algorithm 2. ATD-DP (Part 2).

Experiment and analysis
Description of experimental data
In order to verify the scientificity of the proposed algorithm, the AIS data of Zhoushan waters in China is selected
as the experimental water area shown in Table 2, and the time range is from 00:00 to 24:00 on May Ist, 2021.
According to the ship MMSI statistical analysis, the experimental waters shared 515 ships and 404,646 AIS
data. The statistics of ship types are shown in Table 3, and the statistics of ship dimensions are shown in Table 4.
The experimental water area and the original ship trajectories are depicted in Fig. 7a. The raw data contains
a significant amount of noise and redundant information. Preprocessing is conducted according to the method
described in Section 2.3.1, and the results are presented in Fig. 7b. The experiment was implemented on the
computer(Window64 Intel(R) Xeon(R) Gold 5218R CPU @ 2.10 GHz 2.10 GHz and 32.0 GB of RAM) using
MATLAB(version R2024a%).

Compression results of all trajectories

To compare the compression effects of different algorithms, the SW algorithm from the reference'® (with the
distance threshold of 0.8 times the ship width), the DP algorithm from the reference? (with a distance threshold
of 0.8 times the ship length), and the PDP (Peak-Douglas-Peucker) algorithm from the reference®! (with the
distance threshold of 0.5 times the ship length and an angular threshold of 10°) and the ADP algorithm from

Boundary points | Longitude Latitude

Upper left 121°49'18"E | 30°14' 50"N

Lower right 122°16/57"E | 29°55' 45N

Table 2. The experimental water scope.

Type Number | Proportion
Fishing vessel 122 23.69 %
Dry cargo ship 88 17.09%
Bulk carrier 46 8.93%

Oil tanker, chemical tanker | 39 7.57%
Container ship 20 3.88%
Others 200 38.83%

Table 3. The statistics of ship type.
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Preprocessing Trajectories

Length Number | Proportion (%) | Width Number | Proportion (%)
<50 103 20.00 <10 242 46.99
50-100 166 32.23 10-20 107 20.78
100-200 161 31.26 20-30 22 4.27
200-300 55 10.68 30-40 24 4.66
>300 24 4.66 >40 17 3.30
Error data 6 117 Error data | 103 20.00
Table 4. The statistics of ship dimension.
Original Trajectories
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Figure 7. The experimental water area and AIS data (The color curves are ship trajectories. The yellow polygon
area is the land part of the experimental area. The white background indicates the experimental water area.
The figure is drawn using MATLAB, which version is R2024a%.). (a) The original trajectories and (b) the

preprocessing trajectories.

Algorithm ACR (%) ALLR (%) AMSED (m) TIME (s)
SW 71.17 14.95 173.5568 3.5389
DP 92.36 23.75 275.6075 3.2139
PDP 82.54 21.61 163.2476 3.6378
ADP 84.77 22.57 116.1772 29.5981
ACTD-DP 87.53 23.20 68.9747 35.7439

Table 5. The statistic results of all compressed trajectories. ACR average compression ratio, ALLR average
length loss ratio, AMSED mean synchronous Euclidean distance of all trajectories.

the reference® (with the optimal threshold change rate of 1.36) are selected as the comparative algorithms. All
trajectories are compressed by different algorithms, and the evaluation metrics values obtained are shown in

Table 5 and Fig. 8.

By analyzing Table 5 and Fig. 8, it is obvious that the evaluation metric values corresponding to the five types
of algorithms are different. The TIME value of the SW, DP, and PDP algorithms are obviously smaller than that
of the ADP and ACTD-DP algorithms, indicating that the former trio exhibits lower complexity and superior
computational efficiency, while the latter two algorithms, due to their trajectory division requirements, exhibit
higher complexity and thus comparatively reduced computational efficiency. ADP algorithm has the lowest

computational efficiency.

The SW algorithm exhibits the lowest values in terms of ACR and ALLR, yet it presents a notably high
AMSED. This observation indicates that the SW algorithm, during the trajectory compression process, retains a
relatively large number of non-critical points, leading to minimal discrepancies in length between the compressed
and original trajectories. However, the location discrepancy is significantly pronounced, thereby yielding the

least effective trajectory compression outcome among the evaluated methods.

Scientific Reports |  (2024) 14:21408 | https://doi.org/10.1038/s41598-024-71779-4

nature portfolio



www.nature.com/scientificreports/

——sw
—O—DP

PDP

—fe— ADP

=¥ ACTD-DP

45
ALLR/% 40 TIME/s

100 80 60

350
AMSED/m

Figure 8. Evaluation metric values comparison chart.

The DP algorithm is characterized by the highest values in ACR,ALLR, and AMSED. These metrics suggest
that the DP algorithm achieves a significant reduction in trajectory data, indicative of its pronounced compres-
sion efficacy. However, the substantial elimination of critical points results in considerable discrepancies in
both length and location discrepancy between the compressed and original trajectories. Consequently, the DP
algorithm’s trajectory compression performance is deemed to be of moderate quality.

The PDP algorithm exhibits a high ACR and the lowest ALLR among the evaluated methods, while its AMSED
is relatively elevated yet notably lower than that of the DP algorithm. These observations indicate that the PDP
algorithm exhibits a marked optimization over the traditional DP algorithm, yielding a more favorable trajec-
tory compression outcome.

The ADP algorithm is distinguished by its higher ACR and ALLR, both of which surpass the corresponding
values of the PDP algorithm. Additionally, the ADP algorithm exhibits a lower AMSED, signifying a reduced
location discrepancy between the compressed and original trajectories. Collectively, these metric values under-
score the ADP algorithm’s notable effectiveness in trajectory compression.

The ACTD-DP algorithm is notable for its minimal AMSED, which is significantly lower than the values
observed in other algorithms. This algorithm also presents a higher ACR and a lower ALLR. These metric val-
ues indicate that the ACTD-DP algorithm excels in retaining critical points during the trajectory compression
process, leading to a relatively higher length discrepancy but a markedly reduced location discrepancy when
compared to the original trajectories. Consequently, the ACTD-DP algorithm is recognized for its superior
compression performance.

Compression results of different types trajectories

To further demonstrate the robustness and applicability of the ACTD-DP algorithm, four ship trajectories were
randomly selected for compression. The information for the chosen ships and their trajectories is presented in
Table 6.

Different algorithms compress the above trajectories respectively, and statistical evaluation metric values are
shown in Table 7. The TIME values corresponding to the compression of different ship trajectories by various
algorithms align with the trends observed in Section 3.2, demonstrating that the TIME values for the ADP and
ACTD-DP algorithms are significantly higher than those for the other algorithms.

Shipl’s course changes are small, the trajectory shape is simple, and the voyage is almost straight. MSED
value of SW algorithm is the largest (62.7271 m, approximatelyl.1 times the ship length), and CR is suboptimal.
The SW algorithm demonstrates the weaker capability in detecting and retaining critical points, particularly in
areas where the trajectory’s curvature is low (region A in the Fig. 9, where only one point is retained), leading to
significant distortion in the trajectory. The DP algorithm exhibits the highest values for both CR and LLR, with

No. MMSI Type Length | Width | Numbe
Shipl | 413404840 | Oil tanker 55 9 967
Ship2 412424446 | Fishing vessel | 36 6 562
Ship3 412053000 | Bulk carrier 149 22 717
Ship4 | 414750000 | Bulk carrier 225 33 1415

Table 6. Ship and trajectory information.
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2085

Ship1

No. Metrics SW DP PDP ADP ACTD-DP
CR (%) 92.76 97.62 84.18 84.07 91.42
LLR (%) 31.05 35.78 29.42 29.85 32.46
Shipl

MSED (m) | 62.7271 60.1836 50.2737 48.3278 | 42.907
TIME (s) 0.0179 0.0105 0.0149 0.2844 0.0825

CR (%) 61.75 77.58 72.06 54.63 74.38
Shin2 LLR (%) 5.87 6.22 5.05 4.44 7.59
i
P MSED (m) | 66.0019 155.6476 | 127.1705 |77.0435 | 71.0208
TIME (s) 0.0086 0.0101 0.0159 0.3625 0.1168
CR (%) 96.23 97.77 86.47 77.41 90.24
LLR (%) 3.27 3.32 2.94 1.77 2.88
Ship3
MSED (m) |105.8984 |199.1665 | 33.4355 12.3542 | 20.507
TIME (s) 0.0081 0.0095 0.0165 0.2735 0.0625
CR (%) 22.05 99.43 88.41 92.86 93.29
LLR (%) 47.45 54.93 48.09 47.81 49.06
Ship4

MSED (m) |63.6979 373.5619 | 43.4620 45.3802 | 24.9138
TIME (s) 0.0139 0.0135 0.0166 0.1712 0.0799

Table 7. The statistic results of each trajectory. CR compression ratio, LLR length loss ratio, MSED mean
synchronous Euclidean distance.
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Figure 9. Trajectory compression comparison.

the suboptimal MSED value. The DP algorithm performs the poorest in detecting and retaining critical points(
region A in the Fig. 9,where no criticalpoints are retained), leading to the least effective compression effect. The
PDP algorithm demonstrates the lowest values for LLR, with the MSED and CR being both smaller. The PDP
algorithm demonstrates the stronger capability in detecting and retaining critical points, particularly handling the
junctions between straight lines and curves more effectively than the DP algorithm(region A in the Fig. 9, where
three points are retained). The ADP algorithm exhibits the lowest value for CR, and LLR and MSED value are
both smaller. APD algorithm has the strongest ability to retain critical points, resulting in an excessive number
of trajectory points at the junctions between straight lines and curves (region A in the Fig. 9, where ten points are
retained). The ACTD-DP algorithm exhibits the lowest MSED value (42.907 m, approximately 0.8 times the ship
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length), CR and LLR are better. The ACTD-DP algorithm exhibits the strongest capability in detecting and retain-
ing critical points, handling the transitions between straight lines and curves effectively ( region A in the Fig. 9,
where three points are retained too), resulting in minimal trajectory distortion and the best compression effect.

Ship2 is the fishing vessel with the lowest number of track points. However, the course changes are large and
frequent, there are large angle turning and U-turn phenomena, and the navigation trajectory is the most com-
plicated. Compared with the other three trajectories, the five algorithms yield lower CR and LLR values for this
trajectory (with the best CR being 77.58% from the DP algorithm and the best LLR being 4.44% from the ADP
algorithm), and the performance of MSED values is poor. The SW algorithm exhibits the lower MSED value
(66.0019 m, approximately 1.8 times the ship length), while the DP algorithm exhibits the highest MSED value
(155.6476 m, about 4.3 times the ship length). CR and MSED of the ACTD-DP algorithm are suboptimal. Con-
sequently, the ACTD-DP algorithm maintains a good compression effect with the high CR and the low MSED.
However, from the evaluation metrics analysis of the four trajectories compressed by ACTD-DP algorithm, the
compression effect of this trajectory is the worst.

Ship3’s trajectory is relatively complex, with large course changes and sharp turns. However, due to the large
proportion of straight line segments in the trajectory, the compression effect of each algorithm is similar to that
of shipl. The CR Value of the SW algorithm is the highest, while its LLR and MSED values are the second high-
est among the evaluated methods. But the compression effect is poor for the location where the curvature of the
trajectory curve changes frequently (region B in the Fig. 9). The DP algorithm demonstrates the highest values
for CR, LLR and MSED(199.1665 m, approximately 1.3 times the ship length). This indicates a weaker capabil-
ity in detecting critical points, resulting in the fewest number of critical points retained (region B in the Fig. 9).
Consequently, the DP algorithm is associated with the poorest compression performance among the evaluated
methods. The PDP algorithm exhibits the second lower CR, indicative of a relatively higher retention of trajectory
points. Its LLR and MSED values are moderate, reflecting a balanced performance in terms of trajectory fidelity
and compression efficiency. The PDP algorithm effectively captures critical points in the trajectory with significant
changes in course, yet the fixed threshold discards many critical points (region B in the Fig. 9). Despite this, the
overall compression performance of the PDP algorithm is commendably effective. The ADP algorithm exhibits
the lowest values for CR, LLR and MSED(12.3542 meters, approximately 0.08 times the ship length). Compared
to the PDP algorithm, the ADP algorithm demonstrates a heightened ability to detect critical points within the
curved segments of the trajectory. However, it is noted that the ADP algorithm retains an excessive number of
critical points(region B in the Fig. 9). This over-retention, while enhancing detection, may lead to a less efficient
compression outcome.The ACTD-DP algorithm is distinguished by a high CR and is second only in terms of the
lowest LLR and MSED, with the MSED (20.507 m, approximately 0.14 times the ship length). Comparatively, the
ACTD-DP algorithm outperforms the ADP algorithm in the detection of critical points. During the compression
of linear segments of trajectories, the algorithm retains a greater number of critical points. In the compression of
curved trajectory segments, the number of retained critical points is moderate (region B in the Fig. 9). Therefore,
the ACTD-DP algorithm is recognized for its superior compression efficacy.

Ship4’s trajectory is relatively simple with distinct boundaries between straight and curved segments. How-
ever, there is a high number of anchoring points, constituting 72% of the total number of points. As a result,
the compression of the anchoring paths is significant, leading to the higher LLR values.The SW algorithm
exhibits the lowest values for both CR(only 22.05%) and LLR, with the relatively large MSED. The ability of SW
algorithm to detect the critical points of the line segments and the curve segments is quite different. And the
SW algorithm fails to effectively process critical points in anchoring trajectories (region C in the Fig. 9), with
the CR of less than 1% for such trajectories, thus resulting in the poorest compression performance. The DP
algorithm demonstrates the highest values for CR, LLR and MSED(373.5619 meters, approximately 1.7 times
the ship length). This indicates a significant reduction in trajectory detail, which adversely affects the detection
capability for critical points, particularly in anchoring trajectories(region C in the Fig. 9). The DP algorithm’s
approach compresses the entire anchoring trajectory into a single critical point, which fails to meet the research
requirements for analyzing anchorage stay patterns and utilization rates. The PDP algorithm exhibits a lower
CR and a suboptimal MSED, suggesting a more conservative compression strategy. While the PDP algorithm
performs well in compressing linear and typical curved trajectories, its heightened sensitivity to transitional seg-
ments leads to a less effective compression of anchoring trajectories(region C in the Fig. 9).This overemphasis on
detecting connections between trajectory segments may compromise the fidelity of the compressed trajectory
in representing the original anchoring behavior. The ADP algorithm exhibits moderate values for CR, LLR and
MSED. Compared to the PDP algorithm, the ADP algorithm demonstrates enhanced capabilities in detecting
and retaining critical points, particularly at the junctions between linear and curved segments of trajectories.
However, akin to the DP algorithm, the ADP algorithm struggles to effectively process anchoring trajectories
(region C in the Fig. 9)), thereby limiting its utility in accurately capturing the nuances of such trajectories.
The ACTD-DP algorithm is distinguished by the second-highest values for CR and LLR and the lowest MSED
(24.9138 m, approximately 0.11 times the ship’s length). This algorithm excels in the detection and retention
of critical points, particularly with a uniform distribution of critical points in linear trajectory segments. In
comparison to the ADP algorithm, the ACTD-DP algorithm also demonstrates efficacy in handling anchoring
trajectories, capturing the typical positions and trajectories during the ship’s anchoring process(region C in the
Fig. 9)). Consequently, upon comprehensive analysis of the compression effects, the ACTD-DP algorithm is
concluded to provide the optimal compression performance.
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Discussion and conclusion

Building upon the traditional DP algorithm® and drawing inspiration from the methodology of the PDP
algorithm? and the ADP algorithm®, the ACTD-DP algorithm is proposed and experimental validation is
conducted. The threshold values of other comparison algorithms are based on static information (ship length,
ship width, fixed distance value, etc.), and the trajectory compression effects are greatly affected by the external
environment, and the algorithms have poor adaptive ability. In contrast, the ACTD-DP algorithm employs the
optimal threshold difference method, reducing reliance on fixed thresholds and enhancing the robustness and
applicability of the algorithm. From the overall analysis of compression effects (Table 5 and Fig. 8), compared
to the other four algorithms, the ACTD-DP algorithm demonstrates the strongest capability in detecting and
retaining key points. It maintains the smallest AMSED value while preserving the higher ACR value, resulting
in the best compression performance. Analyzing the evaluation metrics for the four trajectories, the ACTD-DP
algorithm exhibits the best compression performance for all trajectories except Ship2’s trajectory, demonstrating
strong adaptability to different trajectories.

However, the ACTD-DP algorithm also has a notable drawback. The ACTD-DP algorithm requires curve
fitting and the calculation of core thresholds and optimal threshold difference. Consequently, the computational
complexity is relatively high, leading to increased algorithmic execution time. Concurrently, the ACTD-DP
algorithm yields the lower CR for trajectories with a limited number of points and abrupt changes in course,
such as Ship2. The compression performance for these types of trajectories could be further enhanced. These
observations also provide directions for future research endeavors.

Data availability

The data that support the findings of this study are available from Shanghai Maritime Safety Administration but
restrictions apply to the availability of these data, which were used under license for the current study, and so are
not publicly available. The datasets generated and analysed during the current study are not publicly available
due data sensitivity but are available from the corresponding author on reasonable request.
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