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Abstract—Accurate long-term trajectory prediction for mar-
itime vessels is essential for safety and logistical efficiency.
While deep learning models, particularly Transformers, have
shown promise in processing Automatic Identification System
(AIS) data, they often struggle with the quadratic computational
complexity of self-attention and the loss of accuracy over ex-
tended forecasting horizons. This study proposes TempTPI, a
novel prediction framework that integrates an Informer-based
encoder with a multi-channel temporal encoding mechanism.
The Informer architecture leverages a ProbSparse self-attention
mechanism to reduce computational overhead and focus on the
most significant dependencies, while the temporal encoder utilizes
Fourier-like frequency expansions to capture cyclic patterns
(hourly, daily, and seasonal) in vessel behavior. We evaluate our
model against the state-of-the-art TPTrans architecture using
AIS data from Danish waters. Experimental results demonstrate
that TempTPI consistently outperforms existing methods across
prediction windows of 1 to 5 hours. Notably, at a 5-hour horizon,
the proposed model achieves a 55% improvement in Mean
Squared Error (MSE), offering a robust solution for long-range
maritime situational awareness.

Index Terms—Trajectory prediction, Automatic Identification
System (AIS), Informer, Deep learning, Spatio-temporal model-
ing, Maritime safety, Long-sequence forecasting.

I. INTRODUCTION

Maritime cargo vessels make up a large portion of global
trade [1] and require precise orchestration to run flawlessly.
Large numbers of simultaneous maritime vessels in limited
space logically lead to an increase in complexity for secur-
ing safe and efficient transportation [2]. Thus, the potential
commercial benefits of a high-accuracy trajectory prediction
for commercial vessels in order to enable a reliable vessel
coordination are very high [3, 4].

A widely used communication system in the maritime
domain is the Automatic Identification System (AIS), which
aims to transmit real-time information about the current status
of the ship [5] for collision avoidance. Through the wide
distribution of this system, a significant amount of data has
been collected over time, which provides a valuable foundation
for deep learning research. The Danish Maritime Authority
Søfartsstyrelsen publicly provides a collection of historic AIS
data from the region of Denmark [6]. The system transmits
two main types of data: static information (e.g., vessel name,
type, and MMSI) and dynamic information (e.g., timestamp,
longitude, Latitude, Speed Over Ground (SOG), and Course
Over Ground (COG). While AIS data is invaluable, its quality

can be heterogeneous. It is frequently affected by irregularities,
including shared or spoofed MMSI identifiers, signal dropouts,
and physically implausible transmissions (e.g., sudden jumps
in location or speed). These inconsistencies necessitate rig-
orous preprocessing. Furthermore, maritime vessel traffic ex-
hibits seasonal patterns, with private and recreational ships
dominating during summer months. To ensure the relevance of
our predictive model to global trade and commercial logistics,
we focus exclusively on sampled data from the 1st to the 14th
of Oct. 2025, selecting a time frame that emphasizes stable
and high-volume movements of commercial cargo vessels.

Recent work increasingly applies deep learning to AIS-
based vessel trajectory prediction, with Transformer archi-
tectures receiving particular attention due to their ability to
capture long-range temporal dependencies. In addition to ar-
chitectural innovations, several complementary strategies have
been proposed to improve long-term predictions. SEMINT [7]
incorporates large language models and historical maritime
knowledge. Multi-modal knowledge-enhanced frameworks [8]
combine AIS data with environmental and domain informa-
tion, and probabilistic deep learning approaches [9] provide
uncertainty-aware forecasts. These methods highlight chal-
lenges in long-term trajectory prediction that extend beyond
standard sequence modeling. TPTrans [10] addresses some of
these by retaining the standard Transformer encoder–decoder
structure and augmenting it with convolutional layers that
extract local spatiotemporal features before global attention
is applied. While this CNN-Transformer hybrid improves
prediction accuracy and captures complex spatial and temporal
relationships in AIS data, it inherits several limitations of exist-
ing deep learning approaches: the model does not incorporate
explicit temporal context features, predictions are generated
in absolute rather than relative coordinates, and confidence
decreases as the prediction horizon grows. Similar limitations
are observed in TrAISformer [11], which employs a spatio-
temporal Transformer and demonstrates improvements over
recurrent architectures, yet still exhibits increasing error for
extended prediction horizons.

These limitations are compounded by the computational
constraints of the vanilla transformer, whose quadratic L2 self-
attention cost becomes prohibitive for long input sequences.
This motivates the exploration of architectures specifically
designed for long-horizon forecasting. The Informer [12]
architecture addresses these challenges through probabilistic
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sparse attention and a generative decoder, enabling efficient
processing of long sequences while avoiding iterative au-
toregressive decoding. Across four benchmark datasets, In-
former demonstrates stable long-range behavior, with errors
increasing smoothly as the horizon widens, and consistently
outperforms related Transformer variants such as Reformer
[13] and LogTrans [14] as well as LSTMa [15] networks.

Taken together, TPTrans and informers provide complemen-
tary perspectives on trajectory prediction: TPTrans highlights
the value of combining local convolutional features with
attention, while informers show how architectural efficiency
and sparse attention can support long-range forecasting. These
developments form the basis of our benchmarking and clarify
the methodological gaps our work aims to address.

II. METHODOLOGY

A. Data Processing

For the preprocessing of the AIS trajectory data, the follow-
ing steps were undertaken: AIS messages outside the defined
geographical study region were removed, and only vessels
with valid MMSI identifiers and acceptable mobile classes
(A and B) were retained. For each vessel, the trajectory was
ordered by timestamp, duplicate records were removed, and
physically implausible tracks were excluded based on mini-
mum duration, maximum allowable SOG, and overall track
length. Trajectories were segmented whenever the temporal
gap between consecutive AIS messages exceeded 15 minutes,
and segments failing the same quality criteria (minimum du-
ration and motion) were discarded. All remaining trajectories
were resampled to a fixed 6-minute interval and projected from
geographic coordinates into Web Mercator (x, y) coordinates
to enable faster distance calculations for filtering. Physically
inconsistent points were filtered out by enforcing limits on
step distance (≤ 50 km), time gaps (≤ 4 h), and implied speed
(≤ 100 km/h), while points below a minimum speed threshold
of 6 km/h were also removed to exclude near-stationary
behaviour. Cleaned trajectories were divided into continuous
blocks, and a sliding window technique was applied: a 60-
minute window was moved with fixed stride, with the first 30
minutes forming the model input and the following 30 minutes
serving as prediction targets.

B. Model Architecture

The proposed architecture TempTPI is closely related to the
TPTrans model [10], but introduces two novel improvements
in the form of a temporal input encoding and an Informer
encoder. The input is processed in two separate encoder chan-
nels and combined before using a positional encoder [16]. The
encoded input goes through a 1d-convolutional layer, followed
by an informer encoder layer. The encoded content is mean-
pooled and combined with a positional decoder output, before
entering separate decoders in the form of fully connected
layers for latitude and longitude prediction. The following
paragraphs go into more detail on the temporal encoding and
the informer layer.

The temporal information transmitted in the AIS data serves
as a valuable resource to detect seasonal pattern variations
in the vessel behavior. To allow our model to capture these
variations, we propose a temporal encoder in the first layer of
the model.

Fig. 1. Model Architecture of TempTPI

The dataset was extended to contain sine and cosine cyclic
transformations to capture the hour of day, day of week and
month of year cycles. The temporal encoder uses a linear
projection for each cyclic feature, as well as one bias parameter
for each projection. To process a richer representation of the
cyclic features [17], we introduce a Fourier-like frequency
expansion across a frequency range K such that the temporal
encoding TE for each cyclic feature c ∈ {h, d,m} is given
as:

TEc(x)

{
sin(k ∗ x)
cos(k ∗ x), for k = 1, ..,K.

These expanded features are fed into the corresponding pro-
jection layer. The encoder then combines all projections and
their respective biases. The output of the temporal encoder is
combined with the output of the normal data projection layer
and fed into the positional encoder.

TempTPI builds on the Informer architecture, which relies
on three main components: ProbSparse self-attention, self-
attention distilling, and a generative decoder. ProbSparse Self-
attention that is defined as:

A(Q,K, V ) = Softmax

(
QK⊤
√
d

)
V, (1)

where Q is a sparse matrix of the same size as Q, contain-
ing only the top-u queries under the sparsity measurement
M(q,K). This allows the model to evaluate only O(logLQ)
dot-products for each query, instead of the full O(LQ) re-
quired in the standard Transformer. The intuition behing this
mechanism can be seen on Figure 2.

Fig. 2. Full vs Sparse Attention [18]

The Informer also modifies the architecture through self-
attention distilling and a generative decoder. The encoder



compresses the sequence after each ProbSparse attention
block using convolution and pooling, reducing memory from
quadratic to roughly linear O((2 − ε)L logL) and enabling
efficient processing of very long inputs. The decoder replaces
autoregressive decoding with a single-step generative formu-
lation, taking a start token and predicting the full horizon at
once, which removes cumulative error and avoids the O(Ly)
iterative cost of the standard Transformer [12].

C. Model Training

The proposed architecture, TempTPI, was evaluated along-
side TPInform (TPTrans, with an Informer encoder instead of
a transformer) and TPTrans. The primary goal of the training
phase was to establish the effectiveness of the temporal
encoder and to quantify the contribution of the ProbSparse
self-attention mechanism via an ablation study. Since TempTPI
showed consistent improvement to TPInform, TPInform is
omitted from the results.

All models were developed and trained using PyTorch 2.4.1
and executed on GPU with an available 4GB per core. The
optimization strategy employed the Adam optimizer [19] with
a learning rate µ = 1e−4 and a batch size of 32. Training
was executed for a maximum of 200 epochs. Additionally,
a standard train-validation-test split (70%, 20%, and 10%,
respectively) was applied to the total dataset. To compare the
proposed trajectory prediction model with the aforementioned
TPTrans model [10], we used Mean Squared Error (MSE) as
the loss function. The loss was calculated with respect to the
predicted and actual latitude and longitude as

MSE =
1

2N

∑
i∈N

[(lon
(i)
true− lon

(i)
pred)

2+(lat
(i)
true− lat

(i)
pred)

2]

A systematic ablation study was designed to investigate the
model’s sensitivity to the data sampling parameters and its
impact on the performance quality. The experiments were split
into two blocks, targeting the goal of 21 tests for each model.
The first block of experiments focused on the impact of the
temporal dimensions of the input and prediction sequences.
These tests used a full dataset (k = 1000unique MMSIs of
vessels) and a fixed sliding window stride of 30 minutes.
The varied parameters were the input window size, providing
a historical context across 240, 360, 480 minutes, and the
prediction window size, targeting the forecast length varying
across 60, 120, 180, 240, 300 minutes. The output of this
experiment can be seen in Figure 3. While TempTPI shows
an improvement, especially for longer predictions, it can also
be seen that the performance dropped for longer input lengths.
Since the dataset size decreases with increasing input length,
we take from this that TempTPI requires more input to achieve
good results.

To complete the study and evaluate model prediction quality
under varying data volume and stride, a second block of 6
experiments was conducted. These tests used the fixed value
of the input window size of 480 minutes and the prediction
window size of 300 minutes. The varied parameters were the
data volume k sampled across 100, 500, 1000 unique MMSIs

Fig. 3. Ablation study results for varying historical context and prediction
time

simulating scenarios with high, moderate, and abundant data.
The other tested parameter was sliding window stride that
varied across 15, 30 minutes. The impact of this experiment
can be seen in Figure 4. Since TempTPI performs significantly
worse on the smallest sample size, it confirms the previous
assumption that the required amount of data is larger than for
TPTrans.

Fig. 4. Ablation study results for varying data volume and stride

III. RESULTS

To evaluate the performance of the model, we used the same
evaluation metrics as explained in the previous section. The
training for these models was conducted on identical training
and validation datasets, with an increasing sample number
for increasing prediction length, to prevent the underfitting
mentioned in the ablation study by keeping a consistent dataset
length of approx. 40000 windows. The tests were performed
on a separate test dataset, consisting of approximately 8000
trajectory windows with a stride of 15 minutes, which was
not part of the model training procedure. For all prediction
lengths, a fixed past time window of 5 hours was used. The
curve was fitted to a quadratic function y(x) = ax2 + bx+ c
using curve_fit [20], to get a generalized estimate of the
loss over prediction length.

A comparison of the loss for different prediction lengths can
be seen in Fig. 5. It can be seen that switching to an informer-
based encoder (blue curve) significantly reduces the loss in
comparison to the original TPTrans model (green curve).
Additionally, adding the temporal encoder to this architecture
gives a consistent improvement across all prediction lengths.
Most importantly, at the prediction length of 5 hours, TempTPI
shows a roughly 55% improvement over TPTrans.



Fig. 5. Comparison of loss (MSE) over prediction length

In Fig. 6 we can see the development of the training and
validation loss values during the training for the prediction
length of 5 hours. The used learning rate was µ = 1e−4
for both models. While TempTPI initially has a higher loss,
after around 50 epochs it performs better than TPTrans. It
additionally shows a longer and more stable learning curve.

Fig. 6. Comparison of train and val. loss (MSE) over epochs

Looking at some samples of the predicted trajectories for
long predictions, shown in Fig. 7, one can see that, with the
given actual trajectory (blue), the predicted paths of TempTPI
(red) are generally closer to the actual paths (light blue) than
predictions from TPTrans (green).

Fig. 7. Comparative prediction samples for 3-5 hours. TempTPI (red), actual
(light blue), TPTrans (green)

We can see a tendency for curves to be underestimated in
some and overestimated in other predictions. The predicted
trajectories successfully navigate narrow pathways, e.g., in the
Øresund and Great Belt straits, relatively well, but sometimes
violate water boundaries.

In general the proposed model is very effective, even
compared to a state-of-the-art model such as TPTrans. The
significant reduction in test loss for very long predictions
suggests greater stability and a higher learning potential, espe-
cially regarding cyclic fluctuations in vessel behavior captured
with the temporal encoding.

IV. DISCUSSION

This study shows the potential of using an Informer-based
encoder in combination with a temporal encoding, which has
been compared to a transformer-based model and yielded
significantly better results. The higher accuracy, especially for
longer prediction windows, combined with capturing cyclic
variances, suggests high potential for usage in the field of
maritime logistics. The focus of this paper has been on
the model architecture, and the layer parameters were kept
relatively consistent; experimenting with different parameters
could further increase the efficiency.

However, it has to be mentioned that the used dataset only
captured traffic for two weeks in a single month. Since the
temporal encoder aims to capture hourly, daily, and monthly
variations, the model could benefit from further training on a
larger dataset, ensuring that all seasons, such as spring and
summer, are well represented and enabling further prediction
windows. As of right now, only predictions in the area of
Denmark have been investigated. To account for varying
maritime domains, this work could potentially be extended to
other areas of the world, focusing on high-traffic areas such
as the Suez Canal or Panama Canal.

The results have partially shown trajectories being predicted
to enter land boundaries. In a novel experiment, we introduced
a land punishment during training, but found that it destabi-
lized the training and reduced overall performance, thus it was
left out of this paper. Future research could investigate options
for penalized training or other land avoidance techniques in
more detail.

To summarize, the presented architecture demonstrated a
promising foundation for long-term prediction, but its full
potential of capturing seasonal variations remains to be investi-
gated in the future. These findings highlight a pathway toward
more accurate, reliable, and operationally valuable forecasting
models within the global maritime domain.
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