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MAIN CHALLENGES

❑ Filtering Out Smaller Routes
The dataset contains routes with lengths varying from 20 to 1000. The input sequence length is 60, and the prediction 
length is 120, though predictions may terminate before reaching 120 steps. A threshold is needed to remove smaller routes 
that don't contribute meaningful data for the model.

❑ Representing the Endpoint for Learning
To predict the endpoint effectively, it is necessary to represent it in a way that machine learning models can learn efficiently. 
This includes differentiating the actual endpoint from waiting positions where the vessel remains stationary.

❑ Feature engineering
The dataset contains profile ID, vessel ID, timestamp, latitude, and longitude. Challenges include identifying relevant 
features, engineering new features, and distinguishing between end positions and waiting states to improve model 
accuracy.
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❑ Data pre-processing
➢  Step 1: Removing the duplicate values
➢  Step 2: Interpolating the missing values
➢  Step 3: Creating the additional features
➢  Step 4: Padding and creating observation and prediction sequences

Input features: [Profile ID, M_sin, M_cos, H_sin, H_cos, D_sin, D_cos, Displacement, Latitude, Longitude]



METHODOLOGY

Mixer Transformer with Context-Time Attention for Small Vessel Route Prediction

❑ Route Forecasting Model

▪ Transformer model with encoder-decoder architecture.

▪ Input to the encoder and decoder is the observation sequence.

▪ Encoder includes Patching, Embedding, and Mixer modules.

▪ Decoder includes cross-attention and Mixer modules.

▪ Cross-attention to calculate the context-time attention.

▪ Mixer module includes a temporal mixer and an embedding 
mixer.
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❑ Endpoint Detection-1

▪ Derive the avg. input displacement from input 
sequence.

▪ Derive predicted displacement from predicted 
latitude and longitude.

▪ Accumulate the avg. input displacement and 
predicted displacement over the prediction 
window.

▪ Applying a threshold on the difference between 
the avg. input displacement and predicted 
displacement.

▪ Check the distance between the estimated 
endpoint and nearest land.
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❑ Endpoint Detection-1

Step 1:

Step 2:

Step 3:

Step 1:
➢ Avg. Displacement of the input sequence:
➢ Predicted displacement:

Step 2:
➢ Cumulative avg. Displacement series:
➢ Cumulative prediction displacement series:

Step 3:

Initial endpoint:

Final endpoint: The endpoint should be closer to the 
land
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❑ Endpoint Detection-2

▪ Auxiliary model: output features M_sin, M_cos

▪ Followed the similar approaches as endpoint 
detection method-1.

▪ Benefit: No need to check the distance between 
the estimated endpoint and the nearest land.
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❑ Endpoint Detection-2

Step 1:

Step 2:

Step 3:

Step 1:
➢ Avg. Displacement of the input sequence:
➢ Predicted displacement:

Step 2:
➢ Cumulative avg. Displacement series:
➢ Cumulative prediction displacement series:

Step 3:

Final endpoint:
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When the predicted endpoint is similar to the true endpoint of a route:

▪ Assumption: Accurate detection of route endpoint.
▪ Full termination score with the expense of high MSE, MAE, SMAPE, FDE, FD, and AED.
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Performance Comparison:

▪ Termination score: Endpoint detection 
Method 2 performs well.

▪ Accuracy score: Endpoint detection method 
1 performs well.

▪ Method 2 increases the termination score 
by 4.7%.

▪ Method 1 increases the route accuracy by 
7.4%.

Overall performance with endpoint detection method 1:

Overall performance with endpoint detection method 2:



OVERALL THOUGHTS & NEXT STEPS

For more information, please contact Md Mahmuddun Nabi Murad | mmurad@usf.edu
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▪ This dataset can be used as a baseline for route forecasting research works.

▪ In the future, we will integrate other information, i.e., coastline and port 
information.

▪ Right now, we are working to apply our model in the computer vision field to 
predict the route from the video information.

▪ We will publish our work with a citation of the M3 hackathon dataset.
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