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Anomaly detection for evolving maritime trajectories with 
continual learning

Jack Julian1 · Yun Sing Koh1 · Albert Bifet2,3

Abstract
Anomaly detection in live trajectory data is a critical task for ensuring safety, secu-
rity, and legality in global transport. Traditional anomaly detection methods often 
struggle with dynamic and evolving trajectory patterns, especially as systems must 
adapt to new scenarios over time due to increased traffic, geopolitical events, or 
global warming. We propose a continual learning approach to detect anomalous 
activity in moving vessels. Unlike conventional static models, our method lever-
ages continual learning to enable the model to learn from new data continuously 
and recognise specific behaviours dependent on position and recent movements. 
We implement an adapter-based framework, Continual Learning for AIS Anoma-
lies (CLAISA), that adapts to shifting behavioural environments in transportation, 
ensuring the system can identify novel and evolving patterns of anomalies, such as 
deviations from expected routes, irregular speed changes, or unusual local move-
ments. Evaluations on synthetic maritime trajectory datasets spanning sparsely 
populated waters and heavily trafficked shipping lanes demonstrate that CLAISA 
achieves up to a 32% decrease in error for trajectory forecasting and consistently 
outperforms benchmark methods in anomaly detection on synthetically generated 
datasets.

Keywords  Continual learning · Anomaly detection · Trajectory forecasting · Deep 
learning · Adapters

http://crossmark.crossref.org/dialog/?doi=10.1007/s10618-026-01221-y&domain=pdf&date_stamp=2026-5-22
https://doi.org/10.1007/s10618-026-01221-y
mailto:jack.julian@auckland.ac.nz
mailto:y.koh@auckland.ac.nz
mailto:albert.bifet@waikato.ac.nz


1 3

56  Page 2 of 22 J. Julian et al.

1  Introduction

Maritime traffic currently accounts for approximately 90% of global trade, with 
steady growth projected in coming years (Wan et al. 2016). With this influx of traffic, 
anomaly detection is critical for maritime activity to ensure safety and security across 
global waters. Unusual vessel behaviour may indicate illegal activities such as smug-
gling or unauthorised fishing, deviations from planned routes, or safety risks due to 
mechanical failure or weather conditions. The detection of such anomalies allows 
for timely intervention, reducing the risk of accidents and enabling more effective 
maritime oversight.

Maritime vessel behaviour is dynamic, shaped by shifting routes, port operations, 
seasonal patterns, and global events. These fluctuations challenge anomaly detec-
tion systems, which must continuously adapt to redefine what constitutes “normal” 
behaviour. Static deep learning models, though effective on benchmark datasets (Li 
et  al. 2024; D’afflisio et  al. 2018), degrade over time when applied to evolving 
real-world data. Transport monitoring systems now produce massive volumes of 
geospatial data (March et al. 2021), offering the potential for continuous learning, 
but requiring models that can handle this dynamic context. For instance, maritime 
vessel traffic dropped by 51% during the initial COVID-19 lockdowns in March 
2020  (March et  al. 2021), a shift that static models fail to accommodate without 
retraining. Continual learning (CL) (Ho et al. 2023; Smith et al. 2023; Madaan et al. 
2023; Pham et al. 2021; Buzzega et al. 2020) offers a solution by enabling models to 
incrementally incorporate new behavioural patterns. However, existing CL methods 
focus on global data distribution shifts (Zhi and Sun 2023), and struggle to adapt to 
fine-grained domain-specific contexts, such as distinct vessel behaviours near ports 
versus in open waters  (Alomari and Andó 2024). This leads to overly generalised 
updates that miss localised behavioural changes (Bao et al. 2023). Additionally, most 
CL systems prioritise retention of all past knowledge  (Aljundi and Kelchtermans 
2019), but maritime monitoring requires selective forgetting of transient patterns, 
such as those caused by temporary weather disruptions, highlighting the need for 
mechanisms that differentiate between long-term trends and short-term anomalies.

To address these challenges, we propose Continual Learning for AIS Anomalies 
(CLAISA): a novel approach that enhances anomaly detection by integrating CL 
techniques within a transformer architecture that embeds motion and positional fea-
tures separately. CLAISA introduces an adapter layer that allows the model to adapt 
to new information using small feed-forward layers with dynamic weights suitable 
for understanding short-term behaviours while retaining long-term knowledge in a 
frozen transformer architecture. Different behaviours are mapped to distinct adapt-
ers, allowing for behaviours to be captured without cross-domain interference. By 
incorporating this adapter layer, CLAISA can handle the complexity of maritime 
and aerospace trajectories, adjusting to new, unseen behaviours in real time without 
requiring retraining from scratch. The proposed transformer architecture is designed 
to separately process position and motion, thereby enhancing the model’s ability 
to capture distinct patterns within trajectory data. Position embeddings capture the 
spatial information, while motion embeddings represent the temporal and velocity-
related aspects of the trajectories. By treating these features independently within the 
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transformer, CLAISA can recognise specific behaviours more accurately, improving 
its ability to detect anomalies that may arise from unusual movement patterns or 
deviations from expected locations.

We provide the following contributions: First, the CLAISA framework and imple-
mentation. We apply an adapter-based CL approach to detect anomalies early in AIS 
trajectories while accounting for changing behaviours. Second, we provide a set of 
definitions describing anomalies in AIS data. Unlike existing definitions for anoma-
lies in trajectories, our definition applies to all ocean regions. Finally, we present 
a method of generating synthetic trajectories within a two-dimensional space with 
anomalous values to assist the evaluation of trajectory anomaly detection methods.

2  Related work

Recent advancements in maritime anomaly detection using Automatic Identification 
System (AIS) (Pallotta and Vespe 2013) data have led to more studies addressing this 
problem. Notable works in this area include (Laxhammar 2008; Ristic et al. 2008; 
Mascaro et al. 2014; D’afflisio et al. 2018; Kawaguchi 2018; Forti et al. 2019; Varla-
mis et al. 2019). These studies can be categorised into two broad groups: rule-based 
anomaly detection and learning-based anomaly detection. The rule-based approaches 
explicitly define abnormal behaviours through a set of predefined rules. A compre-
hensive list of such rules can be found in Kazemi et  al. (2013). While rule-based 
methods are often interpretable, they have limitations, including difficulty defining 
abnormal behaviours. Furthermore, some terms (e.g., “fast" or “slow") are relative 
and challenging to implement operationally, which limits the practical applicabil-
ity of these systems. On the other hand, learning-based anomaly detection methods 
leverage historical data to learn detection rules implicitly. Due to the absence of reli-
able ground truth data for maritime anomaly detection, supervised methods cannot be 
directly applied (Song et al. 2018; Ma et al. 2018; Bouritsas et al. 2019). Thus, unsu-
pervised learning methods are favoured (Pallotta and Vespe 2013; Arguedas 2017; 
Zhao 2019). These learning-based approaches offer greater flexibility and scalability 
than rule-based systems, overcoming the challenge of defining exhaustive normal/
abnormal behaviours. The lack of labelled anomalous data further supports the use of 
unsupervised techniques, which have emerged as the dominant approach in maritime 
anomaly detection (Pallotta and Vespe 2013; Laxhammar 2008; Forti et al. 2019).

Unsupervised learning-based methods typically involve two main stages: learn-
ing a normalcy model and detecting deviations from the learned normalcy. In the 
first stage, density-based spatial clustering algorithms, such as DBSCAN (Ester et al. 
1996), have been widely adopted  (Pallotta and Vespe 2013; Varlamis et  al. 2019; 
d’Afflisio et al. 2018). DBSCAN is used to cluster critical points from AIS trajecto-
ries into entry, exit, and stop points within a region of interest. These factors are then 
used to construct a graph, with nodes representing the points and edges corresponding 
to maritime routes. A normalcy model is fitted to each edge using probabilistic tech-
niques, such as Kernel Density Estimation (Pallotta and Vespe 2013), Gaussian Mix-
ture Models  (Laxhammar 2008), or multiple Ornstein-Uhlenbeck processes  (Forti 
et al. 2019). In the second stage, anomaly detection is performed by measuring the 
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likelihood of a new AIS track relative to the normalcy model. Detection can be done 
by applying thresholds on the distance to the centroid of a route (Varlamis et al. 2019), 
the probability of an AIS track given the normalcy model (Pallotta and Vespe 2013), 
or through adaptive hybrid filters, such as the Bernoulli filter (Forti et al. 2019).

Trajectory mining research has also investigated the explicit modelling of motion 
and positional dynamics in AIS data. Several works focus on extracting structured 
spatio-temporal movement patterns, for example, through tensor decomposition and 
spatial–temporal data mining approaches (Yang et al. 2024; Qiang et al. 2025). These 
methods identify latent traffic corridors and behavioural regimes directly from posi-
tional and kinematic features, providing a complementary perspective to route-based 
graph modelling. More recent studies employ deep spatio-temporal architectures 
to jointly capture motion characteristics and spatial dependencies in AIS trajecto-
ries (Ma et al. 2024). These approaches explicitly model velocity, heading changes, 
and interaction-aware dynamics, showing the importance of disentangling positional 
and motion information.

Probabilistic and reconstruction-based anomaly detection methods have been 
explored for maritime trajectories. Autoencoder and sequence-to-sequence models 
detect anomalies through reconstruction error (Nguyen et al. 2021), while recurrent 
neural networks and predictive likelihood models identify abnormal behaviour via 
forecasting deviation (Song et al. 2018; Ma et al. 2018). Isolation-based and graph-
based online anomaly detectors have also been proposed for streaming trajectory 
data (Chen et al. 2013; Varlamis et al. 2019).

Online and streaming anomaly detection has received increasing attention in 
dynamic environments where data distributions evolve over time. Unlike batch learn-
ing approaches, online methods update models incrementally as new observations 
arrive. In trajectory analysis, isolation-based techniques such as iBOAT (Chen et al. 
2013) perform incremental anomaly scoring without requiring full retraining. Adap-
tive filtering and recursive probabilistic estimators have been used for real-time mari-
time anomaly detection (Forti et al. 2019). Concept drift adaptation and incremental 
clustering methods have been extensively studied to address non-stationarity (Gama 
et al. 2014; Lu et al. 2018). Surveys on streaming anomaly detection further highlight 
the importance of windowing mechanisms, density updates, and incremental model 
refinement in evolving systems (Ahmed et al. 2016; Pimentel et al. 2014).

3  Anomaly detection for AIS trajectories

The Automatic Identification System (AIS) is a shipboard broadcast system responsi-
ble for transmitting and receiving data pertaining to a ship’s current position, velocity 
and status, as well as additional information about the vessel and its identifiers. As the 
International Maritime Organisation requires AIS to be fitted aboard all international 
voyaging ships with 300 or more gross tonnage and all passenger ships regardless of 
size, AIS datasets capture global maritime behaviours and are often used in machine 
learning approaches for trajectory prediction (Hexeberg et al. 2017; Li et al. 2024; 
Wu et al. 2022).
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We aim to use AIS data points to describe trajectories and define anomalies. A 
vessel point xt = (pt,mt, d) represents the AIS signal from a vessel at time t, which 
consists of the physical position pt ∈ R2 (i.e. latitude/longitude), motion features 
mt ∈ R2 (i.e. speed/heading), and the descriptive feature d which contains the ves-
sel type (i.e. cargo or fishing vessel). Other features of an AIS signal are discarded. 
Given a sequence of vessel points, we define a vessel trajectory as follows:

Definition 1  (Vessel Trajectory) A vessel trajectory is a chronologically ordered 
sequence of vessel points generated by a single vessel traversing a geospatial area 
between times t0 and tn: x = {xt0 , · · · , xtn}. A subtrajectory is the sequence of ves-
sel points between time t−∆t(Tp + 1) and t:

	 xt−∆t(Tp+1)→t = {xt−∆t(Tp+1), · · · , xt−∆t, xt},

where Tp is the number of vessel points in the trajectory and ∆t is the timestep between 
vessel points. Because we assume ∆t to be constant, we omit ∆t and set the start time 
ts = t−∆t(Tp + 1) for more simplistic notation: xts→t = {xts , · · · , xt−1, xt}.
Position features pt and motion features mt exist in a continuous domain R2, which may 
hinder interpretability and model robustness in deep learning applications (Nguyen 
et al. 2021; Chen et al. 2013). To address this, we discretise the continuous space into 
a finite grid G of size H ×W  and represent each position and motion feature as a 
one-hot encoded vector corresponding to a specific grid cell. Let E : G → 0, 1H×W  
be a bijective encoding function that maps a grid cell g = (i, j) ∈ G to a one-hot 
vector eij , where the (i, j)-th component is one and all others are 0. The full one-hot 
encoded trajectory is denoted as x̄ = (E (g1), . . . ,E (gn)), where each E (gi) encodes 
the grid cell gi corresponding to the original point xi.

To map continuous features to grid cells, we define two quantisation func-
tions: ρp : R2 → G maps position features pt to the corresponding grid cell, and 
ρm : R2 → G maps motion features mt to the corresponding grid cell. These func-
tions partition the continuous space into H ×W  non-overlapping rectangular bins, 
and assign each point to the cell in which it falls. The mapped trajectory is a dis-
crete sequence g1, . . . , gn, where gi = ρp(xi), and the one-hot encoded version is 
x̄ = (E (g1), . . . ,E (gn)).

As we will deal only with mapped trajectories from now on, we remove the mapped 
qualifier and refer to a mapped trajectory x̄ as x. We adapt definitions from Chen 
et al. (2013) to form the foundation for anomalies, and extend them to account for 
anomalies in AIS trajectories. Before we define an anomalous trajectory, we define 
functions used to index and reference grid cells in a trajectory x.

First, we define a function to retrieve all neighbouring grid cells. Let η ∈ N be 
a parameter that controls the radius of the neighbourhood. We define the neigh-
bourhood function Nη : G → P(G), where G is the set of all grid cells and P(G) 
denotes its power set. For a given grid cell g = (i, j) ∈ G, the set Nη(g) contains all 
grid cells (i′, j′) ∈ G such that:

	 |i− i′| ≤ η and |j − j′| ≤ η
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This defines a square neighbourhood of side length 2η + 1 centred at g. When η = 1, 
N1(g) includes the eight adjacent neighbours and g itself (if g is not on the grid’s bor-
der). Although similar to a kernel function, Nη does not incorporate weighted aggre-
gation or convolution, and is purely used as a proximity constraint used to define 
approximate path equivalence. For a trajectory x, we write Nη(g) ∩ x ̸= ∅ to denote 
that at least one of the neighbours of g is in the trajectory x.

Second, we define pos : T×P(G) → N which, given a trajectory x and set of 
cells G, returns the cell index of some g ∈ G in x:

	
pos(x, G) =

{
argmini∈N(xi ∈ G), ifG ∩ x ̸= ∅
∞, otherwise.

For example, if x = {g1, g2, g3}, then pos(x, {g3}) = 3 and pos(x, {g5}) = ∞.
An example of the encoding of x into a grid structure G is shown in Fig. 1. We 

are now ready to define anomalous trajectories. Definitions in Chen et al. (2013) do 
not capture anomalies based on vessel types, for instance, a cargo ship entering an 
anomalous area. To address this problem, we introduce the following definitions:

Definition 2  (hasPath) We define the function hasPath : P(T) → P(T) that 
returns the set of trajectories with the same vessel type that contains all of the points 
in x in the correct order. The points do not need to be sequential; it suffices that they 
appear in the same order:

	

hasPath(X, x) =


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x′ ∈ X

∣∣∣∣∣∣∣∣∣
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∀x ∈ x, x′ ∈ x′, d ∈ x, d′ ∈ x′, d = d′
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Fig. 1  Example of a trajectory encoded into grid matrix G
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We define a binary variable Mx′ = 1hasPath(X,x)(x′) for each trajectory x′ ∈ X . 
These definitions can determine whether two trajectories are identical or follow the 
same path within neighbouring bounds, or whether a new trajectory is θ-anomalous:

Definition 3  (θ-Anomalous Trajectories) Given threshold 0 < θ ≤ 1, trajectory x is 
θ-anomalous with respect to a set of observed trajectories X if:

	
anomθ(X, x) = 1

|X|
∑
x′∈X

Mx′ ≤ θ.

These definitions rely heavily on X, which is difficult to sample in practice. In large 
regions, low-traffic ports may falsely report more θ-anomalous trajectories due to 
fewer comparable examples. During events like storms, X must quickly adapt to 
reflect changing vessel behaviour, then reset once conditions normalise. Thus, the 
following sections focus on a deep learning approach for detecting θ-anomalous tra-
jectories without relying on a manually curated X.

4  Continual learning for anomaly detection

Our main objective is to predict the trajectory of a target vessel, assuming a free range 
of movement on a two-dimensional plane, and determine whether the difference 
between the predicted and actual trajectory should be considered anomalous. Spe-
cifically, we aim to accurately model p(xt+1:t+l|x0:t) and acquire q(xt+1:t+l|x0:t) 
to calculate the KL divergence between distributions. Furthermore, we expect that 
for xt+1:t+l = xu+1:u+l at times t and u, p(xt+1:t+l|x0:t) ̸= p(xu+1:u+l|x0:u). The 
predictive model must, therefore, adapt to changes over a sequence of trajectories.

We introduce CLAISA, an adaptive method for trajectory prediction and anomaly 
detection in dynamic maritime environments. CLAISA builds on a frozen pre-trained 
transformer backbone, augmented with trainable adapters that learn spatio-temporal 
patterns specific to evolving behaviours. CLAISA consists of two key components. 
First, CLAISA separates its frozen weights into positional and motion embeddings to 
disentangle different aspects of trajectory behaviour, detailed in Sect. 4.1, and contin-
ually trains adapters to produce a predicted trajectory, detailed in Sect. 4.2. Second, it 
includes an anomaly detection module designed to identify abnormal patterns within 
a dynamic environment, described in Sect. 4.3.

4.1  Knowledge embedding

Here we discuss the knowledge embedding step of the CLAISA framework. We 
approach the problem of trajectory forecasting by addressing the challenge of effec-
tively capturing the distinct relationship between motion dynamics and spatial posi-
tioning. Separately embedding motion and positional features improves the model’s 
ability to handle varying behaviours based on movement patterns and spatial coor-
dinates. Furthermore, we approach the problem of adjusting to changing behaviours 
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in real-world trajectories by introducing a dynamic adapter to enable CL. First, we 
describe the motion embedding step.

Motion Embedding. For any trajectory dataset with positional features, additional 
motion features may be extracted, improving predictive performance and exhibiting 
high Shapley values (Li et al. 2023). The most important features we consider in this 
work are speed and heading, which represent a vessel’s velocity. However, previous 
works indicate that it is difficult to encode complex behaviours through this feature 
space (Nguyen et al. 2021), and so we embed each motion vector mt into a higher-
dimensional vector space:

	 emt = σ(Wmt + b) ∈ Rdm .� (1)

We use a multi-layer perceptron to embed the vector in a d-dimensional space, shown 
to effectively learn feature mappings (Vahdat et al. 2020).

Position Embedding. Positional data is represented by the geospatial features 
pt, usually latitude and longitude. We use a similar mapping to Eq. 1 for positional 
features, substituting mt for pt and separate weights to acquire the vector ept ∈ Rdp . 
Next, we describe the transformer architecture and detail how positional and motion 
features are separately extracted. CNNs are commonly used to capture spatial depen-
dencies, however previous work has indicated that a finer granularity is required to 
represent spatial information in positional trajectories (Wang et al. 2018).

4.2  Trajectory forecasting

The core of our proposed method is based on the transformer architecture, which has 
proven highly effective for sequence-to-sequence tasks, particularly when capturing 
long-term dependencies in time series data (Wilbur et al. 2021; Li et al. 2024; Shi 
et al. 2023; Yang et al. 2024), making it ideal for trajectory forecasting. Transform-
ers consist of a series of stacked attention layers, and each attention layer performs 
auto-regressive modelling using a multi-head self-attention mechanism. The query, 
key, and value matrices are obtained by linearly projecting the input sequence emt  or 
ept  in the first block for motion and positional encoding respectively and the output 
of the previous layer for subsequent blocks. Specifically, for the first layer, the input 
sequence depends on the embedding step described previously, and for subsequent 
layers, the sequence corresponds to the previous layer’s output. The scalar d corre-
sponds to the dimension of the input vector.

We use descriptive features d as the base vessel representation and introduce 
motion and positional features through multi-head attention via the motion and posi-
tional attention extractors. The motion attention extractor consists of two encoder 
layers that learn interactions between motion embeddings emt  and descriptive fea-
tures d, which consist of vessel type and status in a maritime setting. As shown in 
Fig. 2, the first layer computes multi-head attention with emt  as value and key, and d 
as query, followed by residual connection and layer normalisation. The second layer 
applies multi-head self-attention and outputs vmt . The positional attention extractor, 
also visualised in Fig. 2, has a similar structure. It uses vmt  as the value and key, and 
positional embeddings est  as query in the first layer, then applies residual connection 
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and normalisation. The second layer performs self-attention and outputs vpt . Each 
extractor spans one layer, and the full architecture uses L stacked layers.

Classification-based forecasting has demonstrated promising results versus 
regression in transformer models for multimodal distributions common to maritime 
data (Li et al. 2024). We adopt this approach by modelling p(et+l|e0:t+l−1) as four 
categorical distributions over latitude, longitude, speed, and heading. At the output of 
the final attention layer, the model produces a vector lt with the same dimensionality 
as the input ht, which is subsequently used to model the distribution p(ht+l|e0:t+l−1)
, as detailed in the following sections.

Adapters. We propose an adapter layer alongside the positional attention extractor 
to facilitate CL while avoiding interference between positions and distinct behaviours. 
Weights within the adapters change with every new input, while other parameters 
within the transformer architecture remain frozen after a training period. CLAISA 
consists of multiple adapters, denoted as A = {Ai}Ni=1, where N is the number of 
predefined adapters. A feed-forward mapping of input vectors to adapters determines 
the appropriate outputs of these adapters by utilising a gated averaging mechanism 
weighted by adapters trained on specific vessel types. An adapter refers to a light-
weight, task-specific module inserted into a pre-trained deep learning model to allow 
it to learn new behaviours without overwriting or forgetting previously learned infor-
mation. Specifically, we adopt the adapter layer proposed by Houlsby et al. (2019), 
where each adapter, denoted as Ai, operates by down-projecting and up-projecting 
an input h:

	 Ai(h) = h+ f(hθdown)θup,

where f(·) represents a nonlinear activation function such as ReLU, and the weights 
θdown ∈ Rd×r and θup ∈ Rr×d are used to project the input to a lower-dimensional 
subspace and then back to the original dimension, respectively. Here, r is the reduced 
dimensionality introduced by the adapter layer. For each input, adapter outputs are 
weighted by a mapping layer designed to prioritise adapters that produce the most 
accurate outputs. Alongside the adapters, a feed-forward layer with parameters θmap 
is initialized to take in the same input h as the adapters and output a vector w:
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	 w = σ(hθmap + bmap) ∈ RN ,

where σ(·) is the softmax function and bmap is the bias for the mapping. The output 
w contains one item per adapter, w = [w1, · · · , wN ], where wi is the weighting for 
adapter Ai. Specifically, the combined output of the adapter layer is computed as:

	
y =

N∑
i=1

wiAi(h),

where the output y matches the dimension of input h, and y is added to vpt  to create 
the final output from the block dt = vpt + y, as seen in Fig. 2. Parameters θmap are 
updated depending on the adapter with the lowest error on the final trajectory. The 
loss function for the mapping is given by:

	
Lmap(y) =

1
N

N∑
i=1

(ŷi − yi)2� (2)

where yi ∈ y and ŷi ∈ ŷ. The vector ŷ ∈ {0, 1}N  is a one-hot vector where each 
ŷi = 1 if Ai(h) has the lowest trajectory error and all other ŷj = 0. We now detail 
how CLAISA update its weights and models a probability distribution for future 
trajectories.

Modelling the conditional distribution p(xt+1:t+l | x0:t) directly is challenging 
due to the continuous nature of the target space. To simplify this problem, we dis-
cretise the four continuous variables- latitude, longitude, Speed over Ground (SOG), 
and Course over Ground (COG)- into grid cells and reformulate the prediction task 
as a multi-head classification problem. Let ht denote the discretised representation 
of the continuous trajectory xt. For each predicted time step, the model outputs four 
sets of logits corresponding to the discretised grids of the four features. Given a logit 
vector z(v) ∈ RK  for variable v ∈ {lat, lon,SOG,COG}, where Gv  is set of grid 
cells corresponding to v, we compute the probability distribution over the grid using 
the softmax function:

	
p(h(v)t+1 = g | x0:t) =

exp(z(v)k )∑K
j=1 exp(z

(v)
j )

for g ∈ Gv.

This yields a categorical distribution over the discretised space for each variable, 
approximating the original continuous conditional distribution. Because ht → xt is 
one-to-one, p(ht+1:t+l|x0:t) = p(xt+1:t+l|x0:t). The loss function for transformer 
parameters is:

	
L (ht, pt) = −

L∑
l=1

CE(ht+l, pt+l),� (3)
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where pt = p(ht+1:t+l|x0:t) and CE(·) is the cross-entropy function. The categorical 
cross-entropy better captures multimodal behaviours (Li et al. 2024), such as a point 
when a ship exits a port, where multiple directions may be taken.

During continual learning, trajectories are processed sequentially, and model 
parameters are updated incrementally without revisiting previous trajectories. Gradi-
ents of the forecasting loss in Eq. 3 are propagated only through the adapter weights 
θdown, θup and the mapping parameters θmap, bmap, while all other transformer 
parameters remain fixed. Because the adapter output is computed as a weighted com-
bination y =

∑N
i=1 wiAi(h), gradients from L  flow through all adapters proportion-

ally to their routing weights. The mapping loss in Eq. 2 updates θmap by encouraging 
a higher weight on the adapter that yields the lowest trajectory error over the predic-
tion horizon. No replay buffer or explicit regularisation is used, and continual adapta-
tion arises from residual updates within the adapters and routing-based behavioural 
specialisation, similarly to existing dynamic architecture approaches (Yu et al. 2024).

4.3  Anomaly detection

Here, we detail the anomaly detection module of CLAISA. Although Definition 3 
defines anomalous trajectories with respect to an experienced set X, the choice of X 
may not represent current behaviours. So far, we have described how CLAISA models 
p(xt+1:t+l|x0:t). We now define how an anomaly is identified using this prediction.

Definition 4  (Trajectory Anomaly) Given the conditional probability distribution of 
the future trajectory l points ahead of time t given past trajectories p(xt+1:t+l|x0:t) 
and the actual probability distribution of the trajectory q(xt+1:t+l|x0:t), a trajectory is 
anomalous if the KL divergence is equal to or greater than a threshold δ:

	 KL(q(xt+1:t+l|x0:t) ∥ p(xt+1:t+l|x0:t)) ≥ δ.

We choose KL divergence for its theoretical connection to the model loss detailed 
in Eq. 3, following known relative entropy relationships (Cover and Thomas xxxx):

Theorem 1  For all pt , q1  and q2  where L (q1 , pt) > L (q2 , pt), then 
KL(q1 ∥ pt) > KL(q2 ∥ pt).

Proof  The loss function L (q, pt) is related to the KL divergence by the for-
mula CE(pt, q) = KL(q ∥ pt) +H(pt), where H(pt) is the entropy of pt
. Since H(pt) is constant for all distributions q, L (q1, pt) > L (q2, pt) implies 
KL(q1 ∥ pt) > KL(q2 ∥ pt). � □

By Theorem 1, the loss of any newly encountered point ht for a modelled p(ht|x0:t) 
increases with KL(q(ht|x0:t) ∥ p(ht, x0:t)), the distance of the model prediction 
from the observed event. Therefore, a trajectory with a sufficiently high loss will be 
identified as anomalous. Through the training scheme proposed above, we acquire 
p(ht+1:t+l|x0:t). To determine whether a trajectory is anomalous by Definition 4, we 
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require the actual probability distribution of the trajectory q(xt+1:t+l|x0:t). Because 
xt+1:t+l is known during anomaly detection, we set:

	
q(xt+1:t+l|x0:t) = δa(xt+1:t+l) =

1
|a|

√
π
e−(xt+1:t+l/a)2 ,� (4)

where δa(xt+1:t+l) is the dirac distribution on xt+1:t+l with a as a near-zero value, 
which we set as 0.001. This acts as an impulse on the actual predicted trajectory, and 
an anomaly is classified following Definition 4.

5  Evaluation of CLAISA

We evaluate CLAISA using six real-world AIS datasets and a synthetic anomaly 
dataset. After detailing the experimental hyperparameters, we compare CLAISA’s 
trajectory forecasting error with state-of-the-art methods and its anomaly detec-
tion performance with benchmark algorithms. We also investigate the sensitivity of 
CLAISA by varying key hyperparameters N and δ.

5.1  Experiment setup

Datasets. We conduct experiments using six publicly available AIS datasets to evalu-
ate the predictive accuracy of CLAISA and a synthetic dataset to assess its anomaly 
detection capabilities. The AIS datasets consist of real-world vessel trajectory data, 
constrained by specific geographic boundaries (latitude and longitude) from distinct 
regions and defined temporal intervals. The regions are the Gulf of Mexico (Oceanic 
2024), the Kattegat Strait (Authority et al. 2024), the North Sea in Denmark (Author-
ity et al. 2024), the USA East Coast (Oceanic 2024), the port of Piraeus (Tritsarolis 
and Kontoulis 2021), and Ushant, France (Gloaguen et al. 2023). These datasets cap-
ture a wide range of behaviours, spanning sparsely populated waters, busy shipping 
routes, fishing zones, and port areas.

We also generate a synthetic dataset with labelled anomalies to evaluate detection 
methods. A grid G is defined with start and end points gs, gf ∈ G. A vessel moves 
from gi = (xi, yi) to a neighboring cell gi+1 ∈ N1(gi). Using A* Search with a heu-
ristic H(xi, yi) as the L2 distance to gf , we obtain the shortest path from gs to gf . We 
then modify this heuristic as follows:

	
H(xi, yi) ∼ N

(√
(xi − xf )2 + (yi − yf )2, σ2

)
,

with trajectory noise σ2. With this heuristic, we relate η and σ to P (anomθ(X, x) < θ)
, the probability that a generated trajectory is θ-anomalous. We assume all x′ ∈ X  are 
i.i.d. trajectories generated by the stochastic A* algorithm with noise σ. Then each 
Mx′  is an independent Bernoulli variable with:
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	 P (Mx′ = 1) = pmatch(η, σ),

where pmatch(η, σ) is the probability that a generated trajectory matches x under 
hasPath. This probability depends on η, where the larger the spatial tolerance of 
the neighbourhood, the higher the probability, and σ, where a larger σ induces more 
deviation in the path and lowers the match probability. Hence,

	

∑
x′∈X

Mx′ ∼ B(|X|, pmatch(η, σ)),

and so:

	 P (anomθ(X, x) < θ) = FB(⌊θ|X|⌋ − 1; |X|, pmatch(η, σ)),

where FB(k;n, p) is the CDF of the binomial distribution. An example of synthetic 
trajectories is provided in a heatmap in Fig. 3.

Preprocessing. CLAISA is designed to process streams of signals in real time. 
Erroneous position and speed messages were removed, and the SOG values for AIS 
datasets were truncated to a maximum of 30 knots to ensure realistic readings (Nguyen 
et al. 2021). Discontiguous trajectories with a gap of more than 2 h between consecu-
tive signals were divided into two contiguous trajectories. Additionally, all trajecto-
ries were resampled to a 10-minute resolution using linear interpolation.

Hyperparameters. Our results were obtained using the following hyperparam-
eters, unless otherwise stated in sensitivity or ablation experiments. The resolution of 
the grid mapping is 0.01circ for latitudes and longitudes, 1 knot for SOG, and 5circ 
for COG. When applied to the corresponding regions on our datasets, the dimen-
sions of the position grid are 256× 256, and the dimensions of the motion grid are 
128× 128. The input trajectory length was set to 3 hours, and the prediction horizon 
was 2 hours. Except for sensitivity tests, we use N = 10 adapters during training and 
an anomaly threshold δ = 1.0. Experiments were conducted on an NVIDIA A100 

(a) Synthetic. (b) Real.

Fig. 3  Example of synthetic trajectory generation on a 200× 200 grid, and real trajectories mapped 
to the same space
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GPU. Python code implementing CLAISA and additional hyperparameters can be 
found here: https://github.com/jjul482/CLAISA.

Baselines. We compared the trajectory prediction performance of our approach 
against eight deep learning models for AIS forecasting: Long Short-Term Memory 
(LSTM) (Forti et al. 2020), Clustered LSTM (C-LSTM) (Capobianco et al. 2021), 
Bidirectional Gated Recurrent Unit (Bi-GRU) (Wang et al. 2020), and Bidirectional 
LSTM (Bi-LSTM)  (Wu et  al. 2022). Additionally, we assess advanced methods 
such as Masked Autoencoders for Trajectory Prediction (Traj-MAE)  (Chen et  al. 
2023), a Transformer-based approach TrAISformer  (Li et al. 2024), Gated Spatio-
Temporal Graph Aggregation Network (G-STGAN) (Zhang et al. 2023), and Con-
tinual Learning-based Trajectory Prediction with Memory Augmented Networks 
(CLTP-MAN)  (Yang et  al. 2022). Finally, we compare CLAISA’s anomaly detec-
tion capabilities with existing anomaly detection methods designed for AIS signals, 
such as Bayesian Networks (Mascaro et al. 2014), Kinetic Interpolation (K-Interpo-
lation) (Guo et al. 2021), Multi-Task Artificial Neural Networks (ANN) (Singh and 
Heymann 2020), and the a-contrario detector GeoTrackNet (Nguyen et al. 2021).

Evaluation Metrics. To evaluate the predictive performance of AIS forecasting 
methods, we average the haversine distance dt between the predicted and actual posi-
tion at each time step t:

	
dt = 2R arcsin

(√
sin2( ¯lat) + cos(latpred) cos(lattrue) sin2( ¯lon)

)
,

where R is the radius of the Earth, ¯lat = 1
2 (lattrue − latpred) and 

¯lon = 1
2 (lontrue − lonpred). The average displacement error (ADE) is the average 

dt for all time steps t for all trajectories.

We evaluate anomaly detection using the area under the ROC curve (AUC) and 
introduce Early Anomaly Detection (EAD), a metric that quantifies how soon anoma-
lies are correctly identified. While standard metrics like precision, recall, F1-score, 
and AUC measure detection accuracy, they ignore detection timing. In time-sensitive 
settings such as monitoring ship movements, early detection can be critical for pre-
ventative action. EAD addresses this by explicitly rewarding early identification:

	
EAD = 2es(a−t)

1 + es(a−t) ,

where a is the time of detection, t is the true anomaly onset time, and s is the severity 
of the anomaly. We set s = 1− θ for θ-anomalies. The change in EAD with different 
s is shown in Fig. 6a, where we observe that EAD is bounded between 0 and 1. A 
higher EAD indicates that the anomaly is detected earlier.

Warm-up Phase. Though CLAISA is a continual learning method, the frozen 
backbone must first be trained to acquire an underlying understanding of trajectory 
dynamics. In practice, we expect this will be done by training the transformer lay-
ers on historical AIS data. In our experiments, the earliest 50% of trajectories are 
used to train the full transformer backbone using the categorical forecasting objec-

https://github.com/jjul482/CLAISA
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tive defined in Eq. 3. After this warm-up phase, backbone parameters are frozen. The 
remaining 50% of the data is processed sequentially, where only adapter and routing 
parameters are updated to enable continual adaptation.

5.2  Experimental results

Predictive Performance. Table 1 compares the ADE of baseline trajectory predic-
tion models with CLAISA. While CLTP-MAN and CLAISA are both CL approaches, 
all other methods are deep-learning algorithms that typically stop training after expe-
riencing a pre-defined training dataset. To allow for a fairer comparison, we perform 
batch retraining on non-CL methods, where models are retrained on the latest one-
month period of data. For a qualitative analysis of our method, Fig. 4 plots the pre-
dicted and actual trajectories of the CLAISA model on maps corresponding to four 
of our benchmark datasets. We find that CLAISA captures a variety of behaviours 
exhibited by a range of vessels within constricted port areas, open seas, fishing areas 
and shipping lanes.

Anomaly Detection Performance. We evaluate the anomaly detection capabili-
ties of CLAISA and existing baselines for anomaly detection for maritime trajectories 
on our synthetic dataset. We use two baselines to demonstrate effectiveness: AUC 
and EAD. Figure 5ashows the AUC with varying θ of baseline methods. A higher 

Table 1  Average ADE for trajectory prediction in nautical miles
Methods Open sea

Gulf of Mexico Denmark East Coast
LSTM (Forti et al. 2020) (2020) 1.21± 0.16 1.30± 0.20 1.31± 0.21
C-LSTM (Capobianco et al. 2021) (2021) 1.01± 0.14 1.03± 0.11 1.04± 0.16
Bi-LSTM (Wu et al. 2022) (2022) 0.98± 0.08 1.11± 0.08 1.09± 0.07
Bi-GRU (Wang et al. 2020) (2020) 0.89± 0.05 0.98± 0.07 0.97± 0.09
Traj-MAE (Chen et al. 2023) (2023) 0.70± 0.04 0.81± 0.03 0.78± 0.03
TrAISformer (Li et al. 2024) (2024) 0.66± 0.02 0.74± 0.04 0.70± 0.04
G-STGAN (Zhang et al. 2023) (2023) 0.72± 0.05 0.92± 0.06 0.94± 0.05
CLTP-MAN (Yang et al. 2022) (2022) 0.65± 0.03 0.75± 0.05 0.77± 0.04
CLAISA 0.58± 0.03 0.65± 0.02 0.62± 0.03
 Methods Port areas

Kattegat Piraeus Ushant
LSTM (Forti et al. 2020) (2020) 1.32± 0.19 1.33± 0.22 1.27± 0.25
C-LSTM (Capobianco et al. 2021) (2021) 1.12± 0.19 1.14± 0.11 1.10± 0.19
Bi-LSTM (Wu et al. 2022) (2022) 1.03± 0.13 1.07± 0.10 0.97± 0.23
Bi-GRU (Wang et al. 2020) (2020) 0.97± 0.07 1.05± 0.11 0.95± 0.13
Traj-MAE (Chen et al. 2023) (2023) 0.74± 0.05 0.87± 0.05 0.82± 0.07
TrAISformer (Li et al. 2024) (2024) 0.70± 0.03 0.83± 0.04 0.77± 0.03
G-STGAN (Zhang et al. 2023) (2023) 0.89± 0.06 0.84± 0.05 0.82± 0.05
CLTP-MAN (Yang et al. 2022) (2022) 0.86± 0.04 0.82± 0.03 0.79± 0.11
CLAISA 0.62± 0.02 0.72± 0.05 0.70± 0.06
Non-CL methods are retrained on one-month batches. Gulf of Mexico, Denmark and East Coast are 
datasets that represent open sea areas, and Kattegat, Piraeus and Ushant are datasets that represent port 
areas to capture a variety of different behaviours
The lowest ADE for each dataset is bolded
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(a) AUC values for each anomaly detection
model under varying θ.

(b) EAD values for each anomaly detection
model under varying θ.

(c) AUC values for a range of anomaly detec-
tion thresholds δ under varying θ.

Fig. 5  Anomaly detection results on our synthetic trajectory dataset

 

(a) Gulf of Mexico. (b) East Coast.

(c) Kattegat. (d) Piraeus.

Fig. 4  Visualisation of CLAISA trajectory predictions on benchmark datasets. Actual trajectory is 
given in blue, overlayed with CLAISA predictions in orange
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AUC indicates a higher true positive rate and a lower false positive rate. Anomaly 
detection becomes harder as θ increases, as anomalies become more common in the 
dataset, resulting in a lower AUC. Figure 5bshows the EAD with varying θ. Because 
s = 1− θ, the EAD shows a downward trend with higher θ.

Sensitivity and Ablation. We assess the importance of CLAISA’s adapter compo-
nent and its sensitivity to the number of parameters N and the anomaly threshold δ. 
Figure 6b shows the ADE for varying N between 0 and 25 on all benchmark datasets. 
With N = 0, no adapters are used, serving as an ablation of the adapter component. 
The lowest ADE occurs at N = 10, while N = 0 increases ADE by up to 20%. For 
N > 10, ADE rises due to challenges in mapping adapters and isolated knowledge 
hindering generalisation. Figure 5c shows the AUC for CLAISA’s anomaly detection 
on our synthetic dataset. A low δ results in more false positives, while a high δ leads 
to more false negatives.

We also include an ablation of CLAISA’s dual motion and positional embedding 
components in Table 2. Here, instead of embedding motion and position separately, 
we combine features into a single embedding vector and feed this into a unified set 
of transformer layers. In this setup, the adapter component remains unchanged. The 

Table 2  Ablation study on embedding strategy
Methods Open sea

Gulf of Mexico Denmark East Coast
Single Embedding 0.65± 0.03 0.73± 0.05 0.68± 0.05
CLAISA 0.58± 0.03 0.65± 0.02 0.62± 0.03
 Methods Port areas

Kattegat Piraeus Ushant
Single Embedding 0.69± 0.05 0.81± 0.05 0.78± 0.04
CLAISA 0.62± 0.02 0.72± 0.05 0.70± 0.06
We compare CLAISA’s dual motion–positional embedding design against a single unified embedding 
across open sea and port datasets. Results are given as average ADE for trajectory prediction in nautical 
miles
The lowest ADE for each dataset is bolded

(a) Variation in EAD with time t for severi-
ties s.

(b) Average ADE with varying number of
adapters N .

Fig. 6  EAD for different severities, and ADE of CLASIA with varying adapters
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results demonstrate that separating motion and positional embeddings consistently 
improves forecasting accuracy across all datasets.

Finally, we assess CLAISA’s sensitivity to the positional discretisation resolution 
(latitude and longitude) in Table 3. All other settings are held fixed, and thresholds 
and any neighbourhood tolerances are scaled to keep the same physical tolerance 
across resolutions. We find that coarser resolution results in higher error, as the model 
is trained to accept broader error bounds. This is particularly prominent in port areas, 
where manoeuvres tend to be finer. A finer resolution, on the other hand, results in a 
higher entropy with more targets. While this may be desirable in port areas to accu-
rately predict finer movements, it tends to harm performance in deep-sea areas. Future 
work may investigate varied resolution mappings depending on regional behaviours.

6  Conclusion

Our approach effectively captures maritime behaviours and demonstrates accurate 
trajectory forecasting with CL, allowing for heightened anomaly detection capabili-
ties. By implementing CL strategies, we find that a trajectory prediction model may 
better capture evolving behaviours compared to static deep learning approaches. 
CLAISA performs CL by leveraging a pre-trained transformer architecture with an 
adapter-based module to capture a variety of positional behaviours. Finally, we dem-
onstrate CLAISA’s effectiveness against existing baselines in an evolving maritime 
environment.
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