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Object tracking is a hot topic in computer vision and remote sensing, and it typically employs a bounding box that locks

onto the region of interest (ROI) when only an initial state of the target (in a video frame) is available. The rapid

development of remote sensing technologies provides a new methodology for weather observation and forecasting tasks

using high-resolution visual data. A growing body of literature investigating the deep neural network-based cyclone track

prediction from satellite imagery sequences has been published.
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1. Introduction

Recent research has shown an increasing interest in traditional video-based target tracking, with numerous algorithms

proposed for accurate tracking in computer vision. Methods that utilize generative models  or discriminant models

 can be divided into two categories. The generative model-based target tracking can be thought of as a

search problem, in which the object area in the current frame is modeled and the most similar region is chosen as the

predicted location in the next frame. In contrast, discriminant models regard object tracking as a binary classification

problem and have attracted much attention due to their efficiency and robustness . A classifier is used and trained for

discriminant models, with the attributes of the object and background labeled as positive and negative samples in the

current frame. In the following frame, the classifier is used to identify the foreground, and the results are updated.

Typhoon tracking methods are reviewed and divided into three classes, including the convolutional neural network (CNN)-

based models, Generative Adversarial Network (GAN)-based models, and (recurrent neural network) recurrent neural

network (RNN)-based models. Figure 1 visualizes the three structures of CNN, GAN, and RNN-based typhoon tracking

models. The summary of reviewed typhoon tracking publications is given in Table 1.

Figure 1. Comparison diagram of algorithm structure for (a) CNN-based, (b) GAN-based, and (c) RNN-based (specifically

CLSTM) typhoon tracking.

Table 1. Summary of typhoon tracking methods.
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Target Method Ref. Year Description

Typhoon

CNN-based
2017 A multi-layer model for multichannel image sequences

2020 A quasi-supervised mask region CNN

GAN-based

2019 GAN to track and predict typhoon motion

2021 GAN with deep multi-scale frame prediction method

2022 GAN to predict both the track and intensity of typhoons

RNN-based

2017 A convolutional sequence-to-sequence autoencoder

2018 MNNs for typhoon tracking

2018 A CLSTM based model

2021 A CLSTM layer with FCLs

2022 A CLSTM with 3D CNN based on multimodal data

2022 An echo state network-based tracking

2. CNN-Based Tracking Methods

To understand complex atmospheric dynamics based on multichannel 3D satellite image sequences, Ref.  introduced a

multi-layer neural network. Multiple convolutional layers were first formed for typhoon feature extraction, followed by

multiple fully connected dense layers with linear activation for linear metrics regression. In the regression step, the pixel

related to the weather event was chosen as the target value. The proposed model was studied by a 2674-image satellite

dataset acquired by the COMS-1 meteorological imagery , achieving a Root Mean Squared Error (RMSE) of ~0.02 to

predict the center of a single typhoon that represented ~74.53 km in great circle distance. As the authors presented, a

CNN could predict the coordinates of single typhoons efficiently, while the multiple typhoon case and unsupervised

sequences of images needed to be further investigated. By further exploring the potential of the CNN models in cyclone

detection, Ref.  designed a quasi-supervised mask region CNN. The seasonal march and spatial distribution of cyclone

frequencies were derived from the proposed model. Compared with traditional methods, the presented method increased

the number of identified cyclones by 8.29%, showing its good performance in identifying the horizontal structures of

tropical cyclones.

3. GAN-Based Tracking Methods

Models such as those above can be categorized as discriminative models as they use conditional probability to predict the

unseen data, while other methods employ generative models that make predictions by modeling joint distribution and are

capable of generating new data. For example, Ref.  introduced a GAN to track and predict the typhoon centers and

future cloud appearance simultaneously. A typical GAN structure was trained in an adversarial way to generate a 6-hour-

advance track of a typhoon. The predicted typhoon track favorably identified the future typhoon location and the deformed

cloud structures. The achieved averaged difference error between the predicted and ground truth typhoon centers was

95.6 km by calculating ten typhoon datasets. The tracking prediction could be significantly improved when employing both

velocity fields and satellite images to deal with sudden changes in the track. Later, Ref.  integrated the GAN model with

a deep multi-scale frame prediction algorithm, aiming to predict the atmospheric motion vectors of typhoons. The

experiment results illustrated that the generated atmospheric motion vectors depicted the structure of typhoon

atmospheric circulations with a certain level of accuracy. Similarly, Ref.  designed a GAN based approach to predict

both the track and intensity of typhoons for short lead times within fractions of a second. The experimental results

indicated that learning velocity, temperature, pressure, and humidity along with satellite images have positive effects on

trajectory prediction accuracy.

4. RNN-Based Tracking Methods

Another idea dealing with tracking tasks focuses on RNN models, which have shown promising performance in

processing the time series data in various areas. Ref.  developed a convolutional sequence-to-sequence autoencoder

in 2017 to predict the undiscovered weather situations from satellite image series. In 2018, Ref.  presented (matrix

neural network) MNNs to predict cyclone tracks for satellite imagery sequences from the South Indian Ocean area. The

MNNs were trained based on matrix convolutional units and utilized to propagate the information from the input matrix to
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the output layer. A dataset consisting of 286 cyclones was used to verify the effectiveness of the matrix neural network

(MNNs) in typhoon tracking. In the same year, Ref.  designed a convolutional Long short-term memory (LSTM) model

to track and predict the tropical cyclone path. In their experiments, the proposed approach was successful in learning the

spatiotemporal dynamics of the atmosphere.

In 2021, Ref.  compared various CNN and RNN recognition algorithms and proposed that the best performing network

implemented a convolutional LSTM layer with fully connected layer (FCLs). Cloud features rotating around a typhoon

center were extracted by their model from the satellite infrared videos. Moreover, models trained with long-wave infrared

channels outperformed a water vapor channel-based network. The average position across the two infrared networks has

a 19.3 km median error across all intensities, which equated to a 42% lower error over a baseline technique. Later, by

applying the multimodal data based on typhoon track data and satellite images, Ref.  integrated the LSTM and 3D CNN

model to predict typhoon trajectory. In spite of widespread RNN structures, Ref.  studied an echo state network to track

the typhoon based on the meteorological dataset, yet its potential for the image-based data still needs to be explored.

References

1. Xing, X.; Yongjie, Y.; Huang, X. Real-time object tracking based on optical flow. In Proceedings of the 2021
International Conference on Computer, Control and Robotics (ICCCR), Shanghai, China, 8–10 January 2021; pp. 315–
318.

2. Panetta, K.; Kezebou, L.; Oludare, V.; Agaian, S. Comprehensive underwater object tracking benchmark dataset and
underwater image enhancement with GAN. IEEE J. Ocean. Eng. 2021, 47, 59–75.

3. Yu, H.; Li, G.; Su, L.; Zhong, B.; Yao, H.; Huang, Q. Conditional GAN based individual and global motion fusion for
multiple object tracking in UAV videos. Pattern Recognit. Lett. 2020, 131, 219–226.

4. Acharya, D.; Ramezani, M.; Khoshelham, K.; Winter, S. BIM-Tracker: A model-based visual tracking approach for
indoor localisation using a 3D building model. ISPRS J. Photogramm. Remote Sens. 2019, 150, 157–171.

5. Zhao, C.; Liu, H.; Su, N.; Wang, L.; Yan, Y. RANet: A Reliability-Guided Aggregation Network for Hyperspectral and
RGB Fusion Tracking. Remote Sens. 2022, 14, 2765.

6. Wilson, D.; Alshaabi, T.; Van Oort, C.; Zhang, X.; Nelson, J.; Wshah, S. Object Tracking and Geo-Localization from
Street Images. Remote Sens. 2022, 14, 2575.

7. Klinger, T.; Rottensteiner, F.; Heipke, C. Probabilistic multi-person localisation and tracking in image sequences. ISPRS
J. Photogramm. Remote Sens. 2017, 127, 73–88.

8. Zhang, X.; Xia, G.S.; Lu, Q.; Shen, W.; Zhang, L. Visual object tracking by correlation filters and online learning. ISPRS
J. Photogramm. Remote Sens. 2018, 140, 77–89.

9. Liu, S.; Liu, D.; Srivastava, G.; Połap, D.; Woźniak, M. Overview and methods of correlation filter algorithms in object
tracking. Complex Intell. Syst. 2021, 7, 1895–1917.

10. Du, S.; Wang, S. An overview of correlation-filter-based object tracking. IEEE Trans. Comput. Soc. Syst. 2021, 9, 18–
31.

11. Xu, T.; Feng, Z.; Wu, X.J.; Kittler, J. Adaptive channel selection for robust visual object tracking with discriminative
correlation filters. Int. J. Comput. Vis. 2021, 129, 1359–1375.

12. Lyu, Y.; Yang, M.Y.; Vosselman, G.; Xia, G.S. Video object detection with a convolutional regression tracker. ISPRS J.
Photogramm. Remote Sens. 2021, 176, 139–150.

13. Hong, S.; Kim, S.; Joh, M.; Song, S.k. Globenet: Convolutional neural networks for typhoon eye tracking from remote
sensing imagery. arXiv 2017, arXiv:1708.03417.

14. Lu, C.; Kong, Y.; Guan, Z. A mask R-CNN model for reidentifying extratropical cyclones based on quasi-supervised
thought. Sci. Rep. 2020, 10, 15011.

15. Rüttgers, M.; Lee, S.; Jeon, S.; You, D. Prediction of a typhoon track using a generative adversarial network and
satellite images. Sci. Rep. 2019, 9, 6057.

16. Na, B.; Son, S. Prediction of atmospheric motion vectors around typhoons using generative adversarial network. J.
Wind. Eng. Ind. Aerodyn. 2021, 214, 104643.

17. Rüttgers, M.; Jeon, S.; Lee, S.; You, D. Prediction of Typhoon Track and Intensity Using a Generative Adversarial
Network With Observational and Meteorological Data. IEEE Access 2022, 10, 48434–48446.

[20]

[21]

[22]

[23]



18. Hong, S.; Kim, S.; Joh, M.; Song, S.K. PSIque: Next, sequence prediction of satellite images using a convolutional
sequence-to-sequence network. arXiv 2017, arXiv:1711.10644.

19. Zhang, Y.; Chandra, R.; Gao, J. Cyclone track prediction with matrix neural networks. In Proceedings of the 2018
International Joint Conference on Neural Networks (IJCNN), Rio de Janeiro, Brazil, 8–13 July 2018; pp. 1–8.

20. Kim, S.; Kang, J.S.; Lee, M.; Song, S.K. DeepTC: ConvLSTM network for trajectory prediction of tropical cyclone using
spatiotemporal atmospheric simulation data. In Proceedings of the NIPS 2018 Workshop Spatiotemporal Workshop,
32nd Annual Conference on Neural Information Processing Systems, Montréal, Canada, 3–8 December 2018.

21. Smith, M.; Toumi, R. Using video recognition to identify tropical cyclone positions. Geophys. Res. Lett. 2021, 48,
e2020GL091912.

22. Qin, W.; Tang, J.; Lu, C.; Lao, S. A typhoon trajectory prediction model based on multimodal and multitask learning.
Appl. Soft Comput. 2022, 122, 108804.

23. Na, Y.; Na, B.; Son, S. Near real-time predictions of tropical cyclone trajectory and intensity in the northwestern Pacific
Ocean using echo state network. Clim. Dyn. 2022, 58, 651–667.

24. Ou, M.L.; Jae-Gwang-Won, S.R.C. Introduction to the COMS Program and its application to meteorological services of
Korea. In Proceedings of the 2005 EUMETSAT Meteorological Satellite Conference, Dubrovnik, Croatia, 19–23
September 2005; pp. 19–23.

Retrieved from https://encyclopedia.pub/entry/history/show/64309


