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ABSTRACT: The work aims to effectively analyze and explore the space-time trajectory behavior patterns of ocean ves-
sels, improve the efficiency and quality of vessel trajectory clustering, and better detect abnormal behaviors of real ves-
sels. In allusion to existing problems in current vessel trajectory data research, such as insufficient utilization of multidi-
mensional feature information, low detection efficiency, poor detection accuracy, etc., a high accuracy and mul-
ti-dimensional feature identification method for vessel abnormal trajectory was proposed. Firstly, random forest classifier
was used to evaluate the importance of multidimensional features and construct the optimal combination of trajectory
features. Then, a dimensional-density reduction clustering method was proposed to combine T-SNE and DBSCAN mod-

els. By constructing feature selection layer and unsupervised clustering layer, the nonlinear relation of data elements
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could be extracted efficiently and the clustering parameters could be selected intelligently. Finally, the cluster feature

vector was constructed according to the clustering results, and the distance threshold was calculated to distinguish the

trajectory similarity, and the trajectory anomaly detection model was constructed. With UCI datasets as examples, the F1
score of this method could reach 0.904 8, 0.953 4, 0.821 8 and 0.662 7 for datasets with 4, 13, 30 and 64 dimensional

features, and many clustering indexes were superior to DBSCAN, K-means and other common clustering algorithms. The

results show that this method can effectively extract multi-dimensional feature structure of data, realize clustering para-

meter self-adaptation, make up for the problem that parameters are difficult to be determined in density clustering, and

effectively realize the identification of multiple types of ship trajectory anomalies.

KEY WORDS: anomaly detection; space-time trajectory; feature dimension reduction; density clustering; parameter

self-adaptation; T-distributed stochastic neighbor embedding; random forests
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Tab.1 Trajectory feature combination evaluation
Bk Jm bl LA i fi REERAAN S e i/l
all 0.64 0.50 0.74 0.94 0.64 0.70 0.38
mean_all 0.53 0.31 0.76 0.93 0.46 0.56 0.43
no_distance 0.66 0.50 0.73 0.93 0.69 0.67 0.40
no_heading 0.71 0.42 0.75 0.95 0.66 0.63 0.38
no_cog 0.67 0.38 0.71 0.92 0.64 0.66 0.50
no_angle rep 0.64 0.54 0.74 0.93 0.63 0.69 0.40
no_angle calc 0.69 0.42 0.74 0.93 0.61 0.59 0.45
no_speed_rep 0.59 0.31 0.76 0.93 0.54 0.68 0.43
no_speed_calc 0.71 0.50 0.75 0.93 0.66 0.66 0.45
no_lat 0.57 0.46 0.74 0.93 0.62 0.71 0.33
no_lon 0.47 0.42 0.65 0.95 0.51 0.62 0.33
RILHE S 0.72 0.50 0.73 0.94 0.63 0.72 0.38
&2 UCI BiREREIERXTLL
Tab.2 Comparison of UCI datasets agglomeration indicators
IRAEER2N
Witk mYEge o Bl Tk

F Art Nwi Sc Dy,

KMeans 0.536 8 0.5399 0.6565 0.681 0 0.404 3

DBSCAN 0.527 6 0.414 3 0.3442 0.3253 2.8172

Iris 4 3 150 KANN-DBSCAN 0.5320 0.4719 0.5727 0.199 2 2.8135

MDA-DBSCAN 0.5459 0.539 6 0.6674 0.132 8 0.498 4

DR-DBSCAN 0.904 8 0.759 2 0.8057 0.554 2 0.658 4

KMeans 0.320 6 0.4732 0.6318 0.162 1 1.9915

DBSCAN 0.414 5 0.550 7 0.7307 0.093 5 2.1579

Digits 64 10 1797 KANN-DBSCAN 0.098 5 0.109 7 0.3244 0.0398 8 4.017 5

MDA-DBSCAN 0.120 5 0.178 6 0.2840 0.007 6 4.706 9

DR-DBSCAN 0.662 7 0.892 5 0.9211 0.073 4 1.822 4

KMeans 0.549 8 0.2550 0.3543 0.467 4 0.624 7

DBSCAN 0.670 0 0.287 5 0.3086 0.5539 1.180 2

Cancer 30 2 569 KANN-DBSCAN 0.501 8 0.068 4 0.0979 0.359 6 0.2453

MDA-DBSCAN 0.567 3 0.0659 0.1049 0.5855 0.3570

DR-DBSCAN 0.821 8 0.405 9 0.4085 0.400 7 0.744 9

KMeans 0.1656 03711 0.4288 0.5711 0.5342

DBSCAN 0.5350 0.3821 0.3852 0.402 6 0.597 9

wine 13 2 178 KANN-DBSCAN 0.2792 0.297 1 0.3820 0.323 5 24365

MDA-DBSCAN 0.422 4 0.305 1 0.4078 0.134 7 1.040 0

DR-DBSCAN 0.953 4 0.861 2 0.8432 0.280 6 1.3157
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