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Abstract— This project is developed to overcome the 

problem of compression in hyperspectral images. We are 

concentrating on necessary region of interest (ROI) in 

hyperspectral images and doing lossless compression on 

these regions alone than the no-data regions. For this, we use 

a two-stage prediction scheme, context –similarity based 

weighted average filtering to remove redundancy for ROI of 

2-D spatial image followed by recursive least square filtering 

to decor relate the hyperspectral images for compression. 

Then, Golomb- Rice Code is applied for the residuals of full-

context pixels and boundary pixels of earlier stage. We use 

code book to provide better quality, compression and de-

compression and also they serve as reference for color and 

shape of the object. The coding gains of the GR code is 

studied using mixture geometric model to represent the 

residuals associated with the pixels. 
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I. INTRODUCTION 

Due to high spatial and spectral resolution hyperspectral 

images are widely used in remote sensing applications[1]. 

These hyperspectral data’s are of large in size that makes the 

data acquisition, data storage, data transmission very 

difficult, when network bandwidth is limited. As sensors 

grow, data compression techniques become crucial in the 

development of hyperspectral technology[2]. 

Lossy compression was an effective technology 

since it improves the compression efficiency at the cost of 

selective information loss. The fact that human visual and 

hearing systems are not sensitive to certain types of distortion 

enables the technique of lossy compression. These lossy 

compression methods leads to larger data reduction than 

lossless methods, therefore they are not suitable for 

hyperspectral images used in many accuracy-demanding 

applications, since these images are needed to be analyzed 

automatically by computers. For such applications, lossless 

compression methods can support with no loss in the 

reconstructed data. Hence, lossless compression is a more 

suitable choice for accuracy demanding RS applications than 

lossy compression [1]. 

Hyperspectral imaging sensors generate the 

hyperspectral images with multiple components. For certain 

application, it is likely that only some regions of the entire 

image carry the information of interest. We call these 

information carrying regions of the image as: regions of 

interest (ROIs). Instead of compressing the entire image, we 

need to compress only ROIs in the image. Recently, a new 

concept known as “remote sensing image with no-data 

regions compression” has been proposed for the first time in 

[3]. No-data regions are the regions of the image that does not 

carry any important information. 

The no-data regions that arise in RS applications are [3]:  

1) geometric and radiometric correction;  

2) atmospheric event cover; and 

3) ROIs are determined by the user/application.  

In RS, particularly for those object-tracking or 

surveillance applications, it is very common that only certain 

regions of the images are important and informative rather 

than the entire images. As the no-data regions do not provide 

useful information, compression methods will benefit 

significantly from simply not compressing those no-data 

regions for a higher compression ratio.  

There are many methods to locate the ROIs in the 

hyperspectral images. ROI classifiers are trained by applying 

supervised learning methods, such as support vector 

machines (SVMs) [4] and deep belief networks [5], to the 

labeled hyperspectral images. Then, we can predict if a 

particular pixel belongs to the predefined ROI or not.  

Moreover, human factors play an important role in 

identifying the ROI. Experienced and trained specialists can 

manually select the ROI. However, different from the ROI of 

fixed size or regular shape, flexibility is usually necessary in 

the ROI identification of the real-world applications. Hence, 

ROIs of arbitrary shape and size are most likely to be 

expected for most of the RS applications. It is fairly easy to 

observe those ROIs of arbitrary shape or size because of the 

existence of no-data regions, whereas some of those ROIs 

even have dots and holes. In fact, the shape and size of ROIs 

vary a lot with different applications or environment. 

Different from traditional ROI compression, all the non-ROI 

pixels are assumed as no-data regions compression.  

II. EXISTING SYSTEM 

In each hyperspectral image, some regions alone convey 

crucial information to a specific Remote Sensing application 

known as the region of interest, whereas other regions do not 

called as the no-data region. ROIs are identified by some 

machine learning algorithms, or manually by a human 

viewer. Once the ROIs have been identified, the locations of 

ROI pixels is also generated using binary ROI map. 

Generally, prediction-based lossless compression utilizes the 

causal context pixels to estimate the value for each one of the 

pixels in the 2-D image. At the decoder, the value of the 

context pixels are available for lossless reconstruction.   

However, for some of the ROI pixels, part of their 

causal contexts belong to no-data regions and are not 

available to the predictor. This leads to the inaccurate 

performance of the prediction scheme. Naturally, it is 

reasonable to separate the prediction scheme into two stages 

and apply different predictors accordingly. 

A. Prediction Scheme  

 The general information that changes with different 

prediction schemes for boundary and full-context pixels are 

estimated for the potential improvement. 

1) 2-D Spatial Prediction 

Each band of one hyperspectral image is considered as a 2-D 

image. It means the entire hyperspectral image can be treated 

as a pile of such 2-D images. Hence, each band of the 
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hyperspectral image are analyzed independently from the 

other bands. Only one band can be processed at a time, so that 

only spatial correlation will be exploited. Therefore, the 

prediction scheme can be mathematically modeled by the 

conditional entropy.  

2) One-Dimensional Spectral Prediction 

Spectral prediction is relatively easy because, for each ROI 

pixel in each band, the previous multiple bands of colocated 

pixels can be used as its context for prediction. In other 

words, each ROI pixel has full support from its context in 

spectral dimension, so that the boundary pixel problem in the 

2-D spatial domain does not exist in the spectral dimension. 

B. Entropy Coding 

The residuals from a predictor in one image can be well 

modeled by a geometric distribution (GD) starting from zero. 

Therefore, we propose a new model based on GD to analyze 

the statistics of residuals of ROIs in the hyperspectral image. 

After the two-stage prediction, two different prediction 

methods are applied to boundary and full-context pixels 

separately. 

III. PROPOSED ALGORITHM  

The whole procedure of our proposed method, with a two-

stage prediction followed by an MGD GR encoder. 

A. Two-Stage Prediction 

1) Context-Similarity-Based Conditional Average 

Prediction 

Initially, a context-similarity based weighted average 

prediction (CSWA) method is presented to remove the 

redundancy for ROIs of the 2-D spatial image of each band. 

More specifically, this method is designed to reduce the first 

order entropy of the residuals. Within each band, boundary 

pixels and full-context pixels are processed differently due to 

their inherent different statistical characteristics. 

As a remedy to this nonlinearity problem, we 

propose a 2-Dspatial predictor based on context similarity 

between the current context and the contexts of ROI pixels in 

the support of the current pixel.  

2) RLS Filtering 

Linear adaptive filtering techniques, such as LMS, least 

square (LS) and Kalman filtering (KF) [14], have been 

proposed to decor relate the hyperspectral images for further 

compression. With some modifications, these adaptive 

filtering approaches can be used for hyperspectral image 

ROIs as well [1]. However, LMS suffers greatly from slow 

convergence speed, which makes the prediction muchless 

accurate particularly when the data size is not large enough to 

guarantee convergence, which is often the case for ROIs 

within an image.  

B. MGD Golomb Coding Implementation 

Here, we proposed an MGD model to guide the coding: apply 

two different GR coders on prediction residuals of boundary 

pixels and full-context pixels, respectively. It is well known 

that the GR coders are usually applied to encode data whose 

distribution is GD. The output of these golomb- rice code 

encoders are in the form of bit streams, these are then 

processed i.e converted into images. This can further 

retrieved finally in the RGB region. 

IV. CONCLUSION 

We have proposed a new lossless compression algorithm on 

arbitrarily shaped ROIs in hyperspectral images. The 

algorithm has several innovations. First, a two-stage 

prediction was introduced to effectively decor relate the 

hyperspectral image spatially and spectrally. Then, based on 

the assumption that the prediction residuals would be better 

modeled by MGD rather than SGD, a separate GR coding 

method was employed to encode the prediction residuals. The 

output of these golomb- rice code encoders are in the form of 

bit streams, these are then processed i.e converted into 

images. This can further retrieved finally in the RGB region. 

Simulation results on the the  hyperspectral image data sets 

with predefined ROIs with no-data regions showed that the 

proposed algorithm provided much higher compression ratios 

than several other methods, including the state-of-the-art SA-

JP2K method. 
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