Neural Network Based Cloud Classifier

Ari Visa, Jukka Iivarinen, Kimmo Valkealahti, Olli Simula

Helsinki University of Technology Laboratory of Information and Computer Science Rakentajanaukio 2 C, FIN-02150 Espoo Finland email: Ari.Visa@hut.fi

Abstract

It has recently been popular to use neural network based classifiers in remote sensing. The reported results are usually based on a very limited data set. This paper concerns the experiences from the cloud classification scheme. The experiences are based on a data set of several hundred images. The classification is based on Self-Organizing Maps (SOM), which are fine-tuned by the Learning Vector Quantization (LVQ). The classification is done in two phases, the clouds are first screened and then classified. The classifier is capable of classifying satellite images taken round the year, during day and night. The classifier is fully automatic, and it can be adapted to changing situations with new examples. The benefits of this approach are rapid prototyping, adaptivity, and in high degree unsupervised learning.

1 Introduction

High-resolution satellite images received from weather satellites are used for weather forecasting and medium term prediction. There are several weather satellites but the NOAA-11 and the NOAA-12 satellites are used in the Nordic countries. The automatic interpretation of satellite images has been studied in two projects in the Laboratory of Computer and Information Science at Helsinki University of Technology since 1991. In the first project the cloud classification was required over the Nordic Countries. In the second project the cloud cover and the cloud classification were required but only for some parts of Finland. The location of considered areas caused several problems, the most important one is the lack of visible light during wintertime. The main research interest has been the classification of clouds from satellite images by means of neural network methods.

There have been several studies concerning the cloud detection and the classification of cloud types from a satellite image since 1970’s [1] [18]. Statistical methods have been widely applied to cloud detection,

1 for example in [3] [11] [10]. Saunders and Kriebel developed a thresholding method for detecting clear sky and cloudy radiances [19]. Karlsson and Liljas have used multispectral threshold algorithms to construct an operational classifier for cloud types, precipitation intensities, and snow extent [9]. An automatic cloud detection algorithm was developed by Derrien et al. [4]. The method is based on threshold tests applied to different combinations of channels.

Texture measures have been introduced in cloud recognition by Kittler and Pairman in 1985 [13]. They used texture measures to detect clouds from the sea and then to discriminate between cloud types. Ebert developed a method for polar cloud classification [5] [6]. Ten texture and spectral features were combined with a maximum likelihood decision rule to identify regions of various surfaces and cloud types.

Some neural network based methods have also been applied to cloud classification since the end of the 1980’s. The multilayer perceptron was used by Key et al. [12], Benediktsson et al. [2], and Lee et al. [17]. The use of neural network as a classifier was promoted by Welch et al. after the evaluation of several methods [23]. The Self-Organizing Map was used by Visa et al. [22][21].

2 The Cloud Classifier

The classification of a satellite image is done in two phases (Figure 1). In the first phase the clouds are separated from the surface (referred as cloud screening), and in the second phase the cloudy regions are further classified into ten different cloud types (referred as cloud classification).

Figure 1: The classification is done in two phases.

In the cloud screening phase each image pixel is classified as open sea, land, snow, ice, or cloud. A feature vector f is extracted for each image pixel and compared with the cloud screening codebook. The codebook is generated by SOM. The classification result is obtained as a response from the best matching neuron. In the second phase the classification of cloudy regions to ten cloud types is accomplished in the similar way. A new feature vector g is extracted and the classification is done by comparing with the cloud classification codebook (Figure 2).

The feature selection is essential to the performance of a classifier. The actual features can be found among the features suggested in literature, for example in [9][19]. They are physically motivated. The features used in the cloud screening phase and in the cloud classification phase are depicted in Table 1. The selected features are spectral features and one texture feature. These features are valid for the current implementation of the classifier. In the first project there were more texture features [21]. Note, that there are different features for cloud classification at night.

Figure 2: The classification procedure.

This is due to the absence of visible light at night. At daytime features VIS1 (0.58-0.68 ¯m), VIS2 (0.725-1.1 ¯m), and INF1-INF2 have to be normalized according to the sun zenith angle. The wavelength bands of channels INF1, INF2, and INF3 are 3.55-3.93 ¯m, 10.3-11.5 ¯m, and 11.5-12.5 ¯m, respectively.

Cloud Screening Cloud Classification Feature Day Night Day Night VIS1 x VIS2 x VIS1-VIS2 x INF2 x x x x INF1-INF2 x x x x INF2-INF3 x x (INF1-INF2)/VIS1 x var(INF2) x x x x

Table 1: Features used by the classifier.

For the computational reason the codebook is splitted into several small codebooks. For each season there are four maps, making a total of 16 maps. In the training phase each sample is replaced with a feature vector. The cloud screening codebooks (a night and a day codebook) and the cloud classification codebooks (a night and a day codebook) are created in an unsupervised way with hundreds of thousands of feature vectors. First the selection of the Self-Organizing Map (SOM) [16] is strongly motivated by the fact that no preclassified samples are needed for the initial training of the network. Only a small set of known samples is needed for the labeling of the trained codebook, known also as a map. Secondly the local neighbourhood properties of the SOM are important in labeling, hence only a small set of known samples are available. The Learning Vector Quantization [14][15] is used for fine-tuning the maps.

3 Discussion

One can ask what is the reason to implement the classifier with neural networks? The main reason is that the classifier can be easily created by training. The neural network classifiers are more than traditional classifiers. The neural network classifiers have the ability to generalize, make simple models of processes or phenomena. The Self-Organising Feature Maps and the Learning Vector Quantization are suitable tools for creation of a classifier. The self-organising process works in an unsupervised way. Plenty of training samples are needed but the samples are unclassified in advance. The LVQ requires known samples, but the number of necessary samples is limited if the codebook is arranged with a SOM. The training samples should, however, be representative for the actual process or the phenomena. The neural network methods are not good in extrapolating far away outside the set of the training samples. It has been noted several times during the projects.

A suitable pre-processing of the samples and a feature selection are still necessary to improve the performance of a neural network classifier. Neural network methods can, however, be used as a tool in a feature selection. Some neural network methods are more suitable than others in a feature selection but depending on the problem, for instance SOM can be used for that purpose [8]. It can also be stated that an analytic, physical model is still superior to a neural network, but a neural network offers a rapid way to get good results and to study the process.

The computational complexity is an important point. This is something that depends on the actual implementation of the neural network method. The described approach took to execute during the first project a little less than half an hour on a Silicon Graphics Iris Indigo workstation. The 512*512 satellite image consisted of five wavelength bands. The map size was 254 elements and the length of the feature vector was fourteen. During the second project the execution time was ten minutes on the same platform and on the same image size. There were 16 maps consisting of 84 elements and the length of the feature vector was nine. The time due to the pre-procesing and the feature extraction was included into the execution time. The training of the classifying maps take several hours. Fortunately, it is sufficient to create the classifying maps only once.

The execution time should be compared with the achieved results. The results based on the described approach are not bad. For instance if the detection of the cloud cover is considered the results are equal or better than with the conventional thresholding techniques [7]. The detection of the cloud cover is relative easy to compare and to verify. The results vary in the cloud classification from very good for summer time, to good for spring time and autumn, to relatively good for winter time [7]. The main reason for this variation is the lack of illumination and it can not be helped with neural network methods.

The reported cloud classifier approach is intended to automate the processing of satellite images. The classifier is fully automatic, and it can be adapted to changing situations with new examples. The quality of the classifier has been verified with hundreds of images. The comparisons with other published results show that the performance of the classifier is relatively good. The improvement of wintertime classification is the main objective for future work.

Acknowledgement

The authors wish to thank the Finnish Meteorological Institute for the interesting application problem and the Technology Development Centre of Finland for financial support (TEKES’s grant 4005/94).

References

[1] R. K. Anderson and N. F. Veltishchev. The use of satellite pictures in weather analysis and forecasting. Technical Report WMO-No. 333, World Meteorological Organization, 1973.

[2] J. A. Benediktsson, P. H. Swain, and O. K. Ersoy. Neural Network Approaches Versus Statistical Methods in Classification of Multisource Remote Sensing Data. IEEE Transactions on Geoscience and Remote Sensing, 28(4):540–552, July 1990.

[3] M. Debois, G. Seze, and G. Szejwach. Automatic classification of clouds on meteosat imagery: application to high-level clouds. Journal of Applied Meteorology, 21:401–412, 1982.

[4] M. Derrien, B. Farki, L. Harang, H. LeGléau, A. Noyalet, D. Pochic, and A. Sairouni. Automatic Cloud Detection Applied to NOAA- 11/AVHRR Imagery. Remote Sensing of Environment, 46(3):246– 267, 1993.

[5] E. E. Ebert. A Pattern Recognition Technique for Distinguishing Surface and Cloud Types in the Polar Regions. Journal of Climate and Applied Meteorology, 26:1412–1427, 1987.

[6] E. E. Ebert. Analysis of Polar Clouds from Satellite Imagery Using Pattern Recognition and a Statistical Cloud Analysis Scheme. Journal of Applied Meteorology, 28:382–399, May 1989.

[7] J. Iivarinen, M. Peura, and A. Visa. Verification of a Multispectral Cloud Classifier. In 9th Scandinavian Conference on Image Analysis, Uppsala, Sweden, June 6-9 1995.

[8] J. Iivarinen, K. Valkealahti, A. Visa, and O. Simula. Feature Selection with Self-Organizing Feature Map. In International Conference on Artificial Neural Networks, Sorrento, Italy, May 26-29 1994.

[9] K.-G. Karlsson and E. Liljas. The SMHI model for cloud and precipitation analysis from multispectral AVHRR data. Technical Report 10, Swedish Meteorological and Hydrological Institute, August 1990.

[10] J. Key. Cloud Cover Analysis with Arctic Advanced Very High Resolution Radiometer Data, 2. Classification with Spectral and Textural Measures. Journal of Geophysical Research, 95(D6):7661–7675, May 20 1990.

[11] J. Key and R. G. Barry. Cloud Cover Analysis with Arctic AVHRR Data, 1. Cloud Detection. Journal of Geophysical Research, 94(D15):18521–18535, December 20 1989.

[12] J. Key, J. A. Maslanik, and A. J. Schweiger. Classification of Merged AVHRR and SMMR Arctic Data with Neural Networks. Photogrammetric Engineering & Remote Sensing, 55(9):1331–1338, September 1989.

[13] J. Kittler and D. Pairman. Contextual Pattern Recognition Applied to Cloud Detection and Identification. IEEE Transactions on Geoscience and Remote Sensing, GE-23:855–863, November 1985.

[14] T. Kohonen. Learning vector quantization for pattern recognition.

Technical Report TKK-F-A601, Helsinki University of Technology, 1986.

[15] T. Kohonen. Improved versions of learning vector quantization. In Proceedings of the International Joint Conference on Neural Networks, pages I 545–550, San Diego, June 1990.

[16] T. Kohonen. The self-organizing map. Proceedings of the IEEE, 78(9):1464–1480, 1990.

[17] J. Lee, R. C. Weger, S. K. Sengupta, and R. M. Welch. A Neural Network Approach to Cloud Classification. IEEE Transactions on Geoscience and Remote Sensing, 28(5):846–855, September 1990.

[18] D. W. Reynolds and T. H. V. Haar. A bi-spectral method for cloud parameter determination. Monthly Weather Review, 105:446–457, 1977.

[19] R. W. Saunders and K. T. Kriebel. An improved method for detecting clear sky and cloudy radiances from AVHRR data. International Journal of Remote Sensing, 9(1):123–150, 1988.

[20] A. Visa, K. Valkealahti, J. Iivarinen, and O. Simula. Experiences from Operational Cloud Classifier Based on Self-Organising Map. In SPIE Vol. 2243 Applications of Artificial Neural Networks V, volume 2243, pages 484–495, Orlando, Florida, April 5-8 1994.

[21] A. Visa, K. Valkealahti, and O. Simula. Cloud Detection Based on Texture Segmentation by Neural Network Methods. In Proceedings of IEEE International Joint Conference on Neural Networks, volume 2, pages 1001–1006, Singapore, November 18-21 1991.

[22] R. M. Welch, S. K. Sengupta, A. K. Goroch, P. Rapindra, N. Rangaraj, and M. S. Navar. Polar Cloud and Surface Classification Using AVHRR Imagery: An Intercomparison of Methods. Journal of Applied Meteorology, 31:405–419, May 1992.