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Abstract

In this paper we introduce a novel framework for trajectory prediction of geospatial
sequences using GraphTransformers. When viewed across several sequences, we
observed that a graph structure automatically emerges between different geospa-
tial points that is often not taken into account for such sequence modeling tasks.
We show that by leveraging this graph structure explicitly, geospatial trajectory
prediction can be significantly improved. Our GraphTransformer approach im-
proves upon state-of-the-art Transformer based baseline significantly on HURDAT,
a dataset where we are interested in predicting the trajectory of a hurricane on a
6 hourly basis. This helps inform evacuation efforts by narrowing down target
location by 10 to 20 kilometers along both the north-south and east-west directions.

1 Introduction

Hurricanes, generally known as tropical cyclones are storm systems characterized by low pressure
and high wind speed. These storms lead to physical and financial damage which have been on the
rise due to climate change [1]. Identifying their trajectory will inform efficient rescue and evacuation
methods by targeting the correct locations. This will reduce the damage to property and life. In this
paper we are interested in the task of next location prediction given the trajectory of a hurricane
observed at a 6 hourly interval.

When such geospatial sequences of extreme weather patterns are observed over a significant period
of time an underlying directed graph structure emerges between the different spatial points. While
traditional [2] and machine learning based studies [3, 4] for trajectory forecasting show promising
results for this task, they typically rely on local context about the trajectory’s past location to perform
the prediction task. The global context that can be obtained in the form of a knowledge graph by
looking across multiple such trajectories is often under-leveraged. In this paper we provide a general
approach based on GraphTransformers for modeling such geospatial sequences where the graph
neural network captures the global context from a heuristically constructed knowledge graph and the
transformer models the local context from past trajectory points.

2 Related Work

For hurricane trajectory prediction traditionally dynamic models, statistical models and statistical-
dynamic models have been used. Dynamic models solve physical atmospheric equations using
supercomputers whereas statistical models focus on the historic relation between storms features
and location. Statistical-dynamic models blend both of the approaches together. Currently, neural
network architectures have been employed to address similar tasks of trajectory estimation. Previous
work [5]-[9] include using sophisticated deep learning architectures like recurrent neural networks
to leverage the sequential storm trajectory, convolutional neural network to utilize satellite imagery
data and multimodal approaches [10] combining different data sources. There are also several studies
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Figure 1: Storm trajectories over two centuries of data plotted across Northern America. Significant
overlap and intersection in this graph suggest correlation between points across different trajectories,
which is under-leveraged in prior work.

which discuss the application of a hybrid statistical-deep learning method in forecasting tasks [11].
However, none of these approaches have explicitly leveraged the underlying graph structure for
hurricane prediction tasks.

Graph neural networks, [12]-[24] are neural networks that are designed to model data that reside
in a graph and are extensively used in a wide range of domains such as recommender systems,
biomedical sciences, prediction, social media analysis [25]-[31]. Subsequently, transformers[32] have
revolutionized the field of sequence modeling and have been used in different machine learning tasks
in and outside of NLP such as classification, anomaly detection, translation, time series forecasting
etc [33]-[36]. Graph Transformers are a fairly recent development which passes graph nodes as
tokens and have been known to give promising results in prediction tasks [37]-[39]. In this paper we
leverage the underlying graph structure of the hurricane trajectory using a GraphTransformer, where
the transformer component models the trajectory sequential and the graph neural network is used for
generating node embeddings

3 Approach

3.1 Dataset Preparation

HURDAT dataset contains location and weather information about 2864 storm trajectory sequences
collected from 1851 to 2015 in North America. We first preprocess the dataset to have training, vali-
dation and test splits roughly consisting 80%, 10% and 10% of the trajectory sequences respectively.
We use stratified sampling to do the splits based on the length of the sequence to ensure that the splits
cover storm sequences of varying lengths. We then create model input-output pairs (Xi, Yi) from
each sequence by randomly sampling a target location, Yi as the model target and using the sequence
upto the target token (with a maximum sequence of 16 tokens) as the corresponding model input, Xi.
We do this to ensure there is no data leakage between the training and the test and validation sets.

3.2 Geospatial Graph Construction

We observe by studying several such hurricane trajectory sequences that a natural directed graph
structure emerges between different locations where the weight of an edge (u → v) denotes the
likelihood of the storm moving from location u to location v in the next time step. We construct
this graph from the training set using a simple heuristic. We first create nodes corresponding to
all latitude-longitude pairs in the training set with their latitude-longitude values being the node
features. The latitude-longitude values are rounded off to the first decimal place. Then, for every ut

in sequence Xi we add directional edges with weight as follows where ever they are defined.
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W [ut−1 → ut] += 1.0

W [ut−2 → ut] += 0.5;W [ut−3 → ut] += 0.5

W [ut−4 → ut] += 0.1;W [ut−5 → ut] += 0.1

3.3 Feature Engineering

The input features to the transformer at a given time step consist of the current location along with its
local graph structure and weather conditions. For the graph features, we simply sample a subgraph
from the k-distance ego-graph of the location node. Empirically, we found that using k = 1 achieves
good results although increasing the value of k can slightly improve the results at the cost of increase
in memory and training time. All our experiments use k = 1 unless otherwise mentioned. During
inference, it is not guaranteed that all location nodes will exist within our graph built from training
set trajectories. For such cases we take the node representation of the nearest location in our training
graph if it lies within an L2-distance of 0.75 units otherwise we only use the latitude longitude
features for the node.

For the weather features which are numerical features denoting directional wind strengths, we simply
standardize the values across the dataset to ensure that they follow the unit normal distribution. For
ease of generalization, we transform all the latitude-longitude features (including the graph features
and the target location) to the local co-ordinate frame with the starting location being the origin.

Figure 2: Example of the knowledge graph construction and neighborhood sampling. (a) A toy
dataset of two trajectories u0 → u1 → u3 → u4 → u5 and u2 → u3 → u4 → u5 (b) Heuristically
constructed graph from the two trajectories (c) subgraph with node features sampled during training
for node u4

3.4 Architecture and Training

Our graph transformer architecture Fig 3 uses a GCN with 2 graph convolution layers to encode graph
features of the location node. The GCN takes node features which are 2 dimensional since they denote
the latitude longitude in the local co-ordinate frame. The output and intermediate representations
of the GCN is 16 dimensional. The output of the GCN is then concatenated with the standardized
directional wind features and this concatenated input is then passed into a transformer encoder. The
transformer encoder has 4 layers of multihead self-attention with each self attention block having
4 heads with an embedding dimension of 64. At the output of the transformer encoder we take the
representation of the final token from the sequence and use a linear layer to solve the regression
problem. We use smoothL1 loss[40] function for the regression loss and adam optimizer with initial
learning rate as 1e− 4. We train for 30 epochs on a Tesla T4 GPU for all our experiments with early
stopping enabled.
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Figure 3: Our GraphTransformer model where the graph embedding from the spatial graph is
concatenated with weather features and sent to the transformer for next location prediction

4 Evaluation and Results

For evaluation we perform 5-fold cross validation and show that graph transformers significantly
outperform vanilla transformers in the task of next location prediction from a given trajectory. For fair
evaluation we divide the test set into different buckets based on the length of trajectory sequence that
is provided as input to the model, compute mean absolute error for latitude longitude values predicted
and then finally average across all the buckets. From table 1 we show that graph transformers
outperform vanilla transformers for all such buckets by significant margin.

Table 1: Mean Absolute Error for different models

Sequence Length Transformer GraphTransformer (ours)

Lat. Long. Lat. Long.

0-5 0.62◦ 0.73◦ 0.47◦ 0.54◦

6-10 0.53◦ 0.56◦ 0.36◦ 0.43◦

11-15 0.48◦ 0.52◦ 0.30◦ 0.32◦

All sequences 0.53◦ 0.60◦ 0.35 ◦ 0.41 ◦

As shown in table 1, by leveraging geospatial graphs we improve upon SOTA sequential model
approaches by 0.18◦ in latitude and 0.19◦ in longitude. This roughly translates to narrowing down
the target location by around 20 kilometers along N-S direction and around 10− 15 kilometers along
E-W direction. Given that the US department of homeland security recommends [41] evacuation
routes 30 − 80 kilometers inland , a 10 − 20 kilometer improvement in precision of a model that
predicts target location on a 6 hourly basis, can hopefully save numerous lives.

5 Conclusion and Future Work

In this paper we introduced a novel GraphTransformer based framework to predict the next affected
location in the hurricane’s trajectory. By improving the trajectory prediction task we hope to better
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inform risk mitigation and damage control efforts. In the future, for further performance enhancement
we can expand the model to a multi-modal architecture by adding satellite imagery information,
temperature, topography and precipitation data. We can also perform extensive hyperparameter
tuning and network architecture search to further improve the performance.
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6 Supplementary Material

Here, we show qualitatively how GraphTransformers outshine vanilla Transformers in the next location prediction
task. The groundtruth latitude-longitude along with the predicted location for the both the models for randomly
sampled examples in the test split are shown as follows.

Figure 4: Qualtitative results shown on randomly sampled input trajectories from test set showcasing
the superiority of the GraphTransformer network. The purple dots with blue lines connecting show
the input trajectory along with their edge strength.
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