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Abstract 
The tropical storm is a natural and complex phenomenon that threatens human lives and 

property. Accurate prediction of the storm's path is necessary to reduce economic losses and 

save human lives. Considering movement parameters and contextual information while 

studying storm movement can improve prediction accuracy. In this study, a similarity 

measure function combined with the Long Short-Term Memory (LSTM) method that 

employs positional parameters, storm direction, and wind speed has been used to predict the 

future trajectories of hurricanes in the North Atlantic Ocean. The obtained results show an 

improvement in the accuracy of the prediction for the time intervals of 3, 6, 9, and 12 hours 

when taking movement parameters and context information into account. 

1. Introduction 

Tropical storms are complex natural phenomena created by strong winds around a low-

pressure area. They cause damages to coastal areas and have a significant impact on social 

and economic development. The Hurricane Betsy, for example, caused $1.5 billion financial 

damage to Florida in 1965 (Alemany et al. 2019). By predicting the storm path, governments 

and people will be better prepared to deal with this horrific phenomenon. 

The development of effective methods for storm prediction is a multi-criteria task. Storm 

direction is dependent on several factors ranging from wind speed and water condition to 

coastal land cover (Rüttgers et al. 2019). In addition, the tropical storm data volume is very 

high due to the existence of ocean, ground, and meteorological observation stations, and 

requires a method that can process such big data. 

On the one hand, researchers have always sought to find a way to increase the forecast 

time. The amount of time the government and citizens have to evacuate cities before the 

storm occurs is very important. On the other hand, one of the shortcomings of researches in 

predicting the direction of storms is neglecting context information (Alizadeh et al. 2021a, 

Sharif and Alesheikh 2018). In recent studies, the context information available in hurricane 

databases such as wind speed, air pressure (Kordmahalleh et al. 2015), wind intensity (Lian 

et al. 2020b), storm direction (Lian et al. 2020a), water surface temperature (Zhang et al. 

2018), and land cover (Buchin et al. 2014) showed a significant effect on storm movement. 

This study uses a hybrid method based on deep learning and similarity analysis of 

trajectories to predict the path of storms in the next 3, 6, 9, and 12 hours by considering the 

historical data and contextual information. 



2. Methodology 

The method used in this research is named Trajectory-based similarity search prediction 

using the long short-term memory (TSSPL) model (Alizadeh et al. 2021b). The schematic 

diagram of the methodology presented in this work is illustrated in Figure 1. 

 

 
Figure 1. Flow diagram of TSSPL model. 

In the first step, the data is pre-processed, so that storms with sample points or incomplete 

context information are removed from the database. In the second stage, the Dynamic Time 

Warping (DTW) method is used to find the most similarity between storms in terms of 

position, wind speed, and storm direction. 
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Figure 2. The location prediction approach proposed in TSSPL model [18]. 



In Figure 2, (LatTP.t1, LonTP.t1) represents the coordinate of the target point at the current 

time and is known. (LatTP.t2, LonTP.t2) represents the coordinate of the target point at the 

future time, which is unknown and should be predicted. Likewise, (LatSP.t1, LonSP.t1) and 

(LatSP.t2, LonSP.t2), which are both known, stand for coordinates of a similar point at the 

current and future times, respectively. Using the DTW method, the best matching between 

the two-time sequences and thus the most similar path to the target path is obtained. In other 

words, the DTW method twists the first path to minimize the distance between the two paths 

(Sharif and Alesheikh 2017). Then, by using a weighted combination (Equation 1), the most 

similar route to the target storm route is extracted from the database in terms of spatial 

criteria, wind speed, and storm direction. 

(1) 
  

Where DSM represents the distance between the target point and the points inside the database 

in terms of spatial criteria, wind speed, and storm direction. dnd, dns, and dnv are the 

normalized storm direction distance, normalized position distance and normalized wind speed 

distance, respectively, and Wd, Ws, and Wv are the weights for these functions. 

After extracting the most similar path to the target path, the spatial distance between the 

most similar point from the most similar path to the last point of the target path are calculated 

(Equation 2). Further, the distance between the three points before the last point in the target 

path and their corresponding points in the most similar path is calculated in the same way. 

(2)  

 
𝛥Latitude and 𝛥Longitude denote differences between the latitudes and longitudes of two 

points, respectively. Latitude 1 shows the latitude of the first point, and Latitude2 is the 

latitude of the second point. In the third stage, the output of the previous part is entered into 

the LSTM model as input. The LSTM model is a special type of recurrent neural network that 

is able to store previous inputs and states for a long time by providing a storage memory and 

mechanism management (Karatzoglou et al. 2018). The spatial distance predicted by the 

LSTM model is used to predict the next location at each time interval (Equation 3). 

(3)  

 
An overview of the TSSPL model is shown in Figure 3 for convergent and divergent paths. 
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Figure 3. TSSPL model: a) convergent paths and b) divergent paths [18]. 
 



The blue lines show the distances between the two paths that have the most similarity in 

terms of the mentioned criteria. And the blue dashed lines are the distances predicted by the 

LSTM model (Figure 3). 

      The most similar path to each path is extracted from the database, and then the spatial 

distance between each pair of similar paths is calculated. In addition, the difference between 

wind speed and the difference in the direction of the two storms is also considered as 

effective criteria. These calculated intervals are used to train the grid and adjust the weight 

matrix to compare the error rate between the predicted value and the expected value (Figure 

4). 

 

 
Figure 4. Preparing data for entering into the LSTM model [18]. 

 

The input of our LSTM model is defined using a matrix with dimension of 4 × 2 using 

Equation (4). 

  (4)   

 

 

The mean squares error (MSE) and correlation coefficient (r-square) have been used to 

quantitatively evaluate the accuracy of our LSTM model using Equations 5 and 6, 

respectively. 

(5) 

 

(6) 
 

Where , , and  represent the real value, the predicted value, and the average of the real 

values, respectively.  

 

3. Implementation and Result 

The North Atlantic hurricanes that occurred between 1994 and 2019 are selected as the case 

study. The selected 426 trajectories comprise 25,175 sampling points. For each storm 

trajectory, the latitude, longitude, wind speed, and storm direction are recorded. The time 

interval between points was 3 hours and all data were collected from the NOAA National 

Hurricane Centre (2021). 

 



 
Figure 5. Study area. 

 

Table 1 shows the quantitative results of the performance of the LSTM model that represent 

the feasibility of this model in prediction. 
 

Table 1. Evaluation of LSTM model performance. 
 

 

 

 

 

 

In addition, the role of context information in predicting hurricane trajectories is investigated. 

In spherical space, the distance between two points with real and predicted values is 

introduced as the Harvasine Formula (Equation 7).  

  (7) 
 

 

This distance is measured and compared for the cases where wind speed and storm direction 

are considered and not considered during the prediction time of 3, 6, 9, and 12 hours. In this 

research, context information with different weights is applied by Equation 1. Three tests 

were implemented on the dataset: A) considering spatial data, B) considering the spatial data, 

wind speed, and storm direction with equal weights of 0.33 for each, and C) considering the 

spatial data, wind speed, and storm direction with different weights of 0.5, 0.25, and 0.25, 

respectively. The accuracy result are summarized in Table 2. 

 

Table 2. Accuracy of location predictions using the TSSPL model (Km) for different 

criteria combination and prediction times.  
 

12 hrs. 9 hrs. 6 hrs. 3 hrs. Test 

176.768 116.129 65.870 27.371 A 
192.340 120.228 61.840 22.406 B 
174.841 112.891 61.317 23.627 C 

 

 MSE Data set 

0.9993 

0.9992 

0.9991 

7.6678e-06 

7.7696e-06 

7.6677e-06 

Training 

Validation 

Test 



The results show that the presence of wind speed and storm direction information reduces the 

prediction error. For instance, using contextual information has decreased prediction error by 

3.744, 4.553, 3.238, and 1.927 for the prediction time intervals of 3, 6, 9, and 12 respectively. 

The impact of this information at intervals of less than 6 hours is very significant. 

 

4. Conclusion 

In this research, storm path prediction is used using the TSSPL model. In this model, it is 

assumed that the distance between the target path and the path that is most similar to that path 

does not remain constant, and this distance changes during the prediction period. In this 

model, the similarity between the paths in terms of storm direction (movement parameter) 

and wind speed (context information) were investigated, and their positive effect on accurate 

prediction of storm paths were proved. One of the limitations of this research is the high 

computational cost and the need for high memory due to the presence of many layers, which 

can be investigated in future researches. This research provides valuable information for 

crisis control and management and saving human lives for meteorological and crisis 

management organizations. 
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