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Abstract: A residual reconstruction algorithm for Hyperspectral images is proposed to improve the 

performance of reconstruct algorithm. Firmly believed that the residual arising from spectral 

prediction and original data is much sparser than the original data, the proposed technique 

introduced a residual reconstruction method to take advantage of spectral correlation between 

hyperspectral image bands. Hyperspectral images are divided into groups, and one group consists of 

a key band followed by some non-key bands. The key and non-key bands are sampled and 

reconstructed by different methods. The sampling method using three-dimensional compressed 

sampling (3DCS) could also lift the quality of the reconstructed image. The experimental results 

reveal that the proposed technique achieves significantly higher quality than a straightforward 

reconstruction that reconstructs the hyperspectral images band by band independently. The 

comparison between our sampling method and existing sampling method (block-based compressed 

sampling) is developed and the results demonstrate that the superiority of our method over other 

compressed techniques is in terms of high peak signal-to-noise ratio (PSNR) with respect to sampling 

rate. 

Keywords: Hyperspectral images, compressed sampling, residual reconstruction, peak signal-to-

noise ratio. 
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1. INTRODUCTION 

Hyperspectral images (HSIs) contain rich spatial geometric information and spectral feature 

information, which is very suitable for target detection, recognition, classification and other fields 

[1]-[3]. The development of hyperspectral imaging spectrometer [4], the analysis and processing of 

hyperspectral image data and the research of image interpretation [5]-[7], have become the focus of 

hot research fields. The continuous expansion of application fields requires hyperspectral images to 

provide more detailed target information, that is, to improve the spatial resolution and spectral 

resolution of imaging systems in order to obtain more complete spatial and inter-spectral information. 

With the sharp increase in people's demand for information, finding effective data compression and 

reconstruction algorithms is very important for the development of hyperspectral remote sensing 

technology. 

Compressed Sensing (CS) theory was proposed in 2006. It combines sampling and compression 

processes to directly collect the information characteristics of the data, eliminating the original high-
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speed sampling process, and reconstructing the original signal with high accuracy at the 

reconstruction end. The theory requires that the signal be sparse, capable of random sampling at a 

sampling rate much lower than the Nyquist sampling frequency, and reconstructing the original signal 

by an optimized algorithm. Hyperspectral images have redundancy in the spatial and inter-spectral 

information, and the images are compressible [8]. Compressed sampling and reconstruction of 

hyperspectral images using compressed sensing theory can greatly reduce the amount of data. The 

design goal of the reconstruction algorithm is to efficiently and accurately reconstruct the original 

signal from a small number of measured values. The performance of the algorithm not only 

determines the quality of the signal reconstruction, but also its computational complexity determines 

whether it can meet the needs of real-time processing.  

Hyperspectral image reconstruction algorithms mainly include: 1) Reconstruction of hyperspectral 

images using the sparse and smooth characteristics of two-dimensional images, such as the distributed 

compressed sensing proposed by Liu [9], Fowler's hyperspectral image compression algorithm using 

principal component analysis [10], and Xu's reconstruction algorithm using Mahalanobis distance 

tensor [11] as regular terms. 2) Use hyperspectral spatial and inter-spectral features to jointly 

reconstruct, such as independent sampling and reconstruction of spatial spectrum proposed by August 

[12], hyperspectral spatial spectrum coding compression proposed by Lin [13], and hyperspectral 

image reconstruction algorithms based on the idea of blind source separation [14]. 3) Realize using 

spectral mixing characteristics, estimate end-element features and abundance information to realize 

reconstruction, such as the the end-element extraction method of spatial combination model proposed 

by Zhou [15] , Abundance estimation algorithm under sparse, low rank constraints proposed by 

Giampouras [16], and spatial spectrum reconstruction algorithm [17] proposed by Wang for 

estimating end elements and abundance information. The amount of hyperspectral image data is large, 

how to improve the reconstruct algorithm and reduce the computational burden is the focus. In this 

paper, we are dedicated to improve the performance of reconstruct algorithm via taking advantage of 

spectral correlation between adjacent bands of HSI. 

This paper is organized as follows. The simple measurement method and recovery problem are 

described and our sampling method (3DCS) is introduced briefly in Section 2. Section 3 develops our 

proposed reconstruction method, the framework of the proposed method is given and the steps of 

residual reconstruction are listed with introducing spectral prediction. The experimental results are 

given in Section 4 to test the performance of the reconstruct algorithm and section 5 gives the 

concluding remarks. 

2. PROPOSED ALGORITHM 

The core idea of compressed sensing is that if a signal or image of interest is sparse or compressible 

in some domain, then it can be reconstructed accurately from very few (relative to the dimension of 

the signal or image) non-adaptive measurements. Suppose that we want to recover real-valued signal 

x  with length N  from M  samples such that NM  . In other words, we want to recover x  from: 

xy                                                                    (1) 

Where, y  is the measurement value, its length is M , and   is an NM   measurement matrix with 

sampling rate, being NMS  . We can recover sparse x  from the limited number of measurements 

by a minimum 
0l  norm optimization problem, 
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minargˆ                               (2) 

Instead of Gaussian matrix, we introduce the circulant sampling (CirS) to replace a random sampling 

ensemble with the advantages of easy hardware implementation, memory efficiency and fast 

decoding. It has been shown that CirS is competitive with random sampling in terms of recovery 

accuracy. In our previous work, we developed the three dimensional compressed sampling (3DCS) 

[18] method, consisting of a random permutation, a simple circulant convolution and a random 

subsampling process, all of which can be performed with little computation or memory. In this paper, 

we explore the spectral correlation between adjacent bands to improve the quality of reconstructed 

image. 

2.1 Framework of the proposed method 

The architecture of our proposed method is depicted in Figure 1. In the framework, hyperspectral 

images are divided into GOBs (group of bands), and a GOB consists of a key band followed by some 

non-key bands. keykx ,  and keykx ,1  are the k-th and k+1-th key bands, their corresponding 

reconstructed bands are keykx ,
ˆ and keykx ,1

ˆ
 . 

ikx ,
 is one of the non-key bands in the k-th group and its 

reconstructed result is 
ikx ,

ˆ . For the key bands, they are measured by 3DCS and reconstructed by the 

three dimensional total variation (3DTV) method [18]. Turn to non-key bands, we firstly using bi-

direction prediction method to obtain predict values from their neighboring reconstructed key bands. 

Then the residual is calculated from the measurement of original data and the predicted value. The 

last step is obtaining the reconstructed residual result through 3DTV and revising the predicted value 

to approach the original data. Our proposed method is denoted as 3DCS-SP. 
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Fig 1. Architecture of our proposed method 3DCS-SP. 

2.2 Bi-direction spectral prediction  

Hyperspectral images represent the intensities of energy reflected or emitted by the same ground 

targets with possible hundreds of continuous spectral bands. As a result, there are strong spectral 

correlations between bands and one band can be fully or partially predicted from other bands. In this 

paper, the bi-direction interband prediction method is applied to exploit the strong spectral correlation 

and depicted as follows: 
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Fig 2. Architecture of bi-direction spectral prediction. 

In Figure 2, keykx ,
ˆ and keykx ,1

ˆ
 are reconstructed key bands of k-th and k+1-th group using 3DTV 

algorithm independently. Assume the distance of keykx ,
ˆ and keykx ,1

ˆ
  is D , which means that the size of 

group is D , 
ikx ,
 is a non-key band and the distance between 

ikx ,
 and keykx ,  is d , then the prediction 

of 
ikx ,
 can be derived from the following equation: 

keykkeykkeykkeykkeykspik xx
D

d
xxxx ,1,,,1,,

ˆˆ)ˆˆ(ˆ
   .                           (3) 

Where,  and  are defined as: 

,
D

dD 


D

d
 .                                                   (4) 

2.3 Reconstruction procedure 

In our recovery algorithm, 3DTV is used to be the regularization term and the linearly constrained 

problem can be solved by augmented Lagrangian multipliers (ALM) [19]. In this section, we will 

describe the residual reconstruction using one non-key band as an example. It contains six steps, 

namely, key band reconstruction, bi-direction spectral prediction, 3DCS measure, residual calculation, 

residual reconstruction and non-key band reconstruction. 

(1) Key band reconstruction: Use 3DTV to reconstruct keykx ,
ˆ and keykx ,1

ˆ
  independently.  

 
keykkeykkeyk xytsxDTV ,,, ..3min  .                            (5) 

 
keykkeykkeyk xytsxDTV ,1,1,1 ..3min   .                         (6) 

(2) Bi-direction Spectral prediction: The spectral prediction spikx ,  of 
ikx ,
 is obtained using equation 

(3).  

(3) 3DCS measure: The sampled data of 
ikx ,
 and spikx ,  are described as: 

ikik xy ,,  .                                                         (7) 

spikspik xy ,,  .                                                      (8) 

(4) Residual calculation: Calculate the residual between the measure of original data and the 

prediction: 

spikikrik yyy ,,,  .                                                      (9) 

(5) Residual reconstruction: It is clear that riky , is the random projection of the residual rikx , , between 

the original bands and the spectral prediction; i.e., 
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rikspikikspikikrik xxxxyy ,,,,,,  .                         (10) 

The recovery problem is written as: 

  rikrikrik xytsxDTV ,,, ..3min                                   (11) 

(6) Non-key band reconstruction: Let rikx ,
ˆ be the recovery from riky , ; consequently, we can obtain an 

approximation reconstruction to jkx ,  as: 

spikrikik xxx ,,,
ˆˆ  .                                                    (12) 

It should be noted that the measurement matrix above are the same which means that the sampling 

rate for the key bands and non-key bands are same. In fact, in the following experiments, we will 

study whether the sampling rate of key bands and non-key bands will influence the reconstruct result. 

We will focus our attention on four cases: (1) 2DCS: All bands are sampled with the same sampling 

rate and the sampling method is 2DCS (not considering the spectral correlation between the adjacent 

bands). (2) 3DCS: All bands are sampled with the same sampling rate and the sampling method is 

3DCS. (3) 3DCS-SP-same: The suffix 'same' means that the key bands and non-key bands are 

sampled with the same sampling rate and using residual reconstruction for the non-key bands. (4) 

3DCS-SP-diff: Here the 'diff' means the key bands are sampled at a relatively high sampling rate, 

while the non-key bands are at an identical lower sampling rate. 

3. EXPEMENTAL RESULTS 

We now examine the performance of residual reconstruction on hyperspectral data. Two 

hyperspectral data cube are used in the experiment. The first cube is the scene of city Changzhou 

supported by Shanghai Institute of Technical Physics, Chinese Academy of Sciences and the office 

308 of National 863 program. The second cube is the cuprite scene from AVIRIS (http:// 

aviris.jpl.nasa.gov). We choose first 64 bands and intercept a sub-region to simulate, so the simulation 

data has 64 bands and the image size is 256*256. In the following paper, the first type data is denoted 

as scene1, while the second type is scene2. And a GOB size is 8. 

As a primary measure of reconstruction quality, we calculate the peak signal-to-noise (PSNR) of the 

reconstructed image to evaluate the performance of different reconstruction algorithms. For 3DCS-

SP, various sampling rates are employed for the key bands as well as the non-key bands; thus, we 

have two sampling rates in use: the key bands sampling rate keyS , and the non-key bands sampling 

rate keynonS  . First, we consider the case wherein all bands are sampled at the same sampling rate, i.e., 

“equal” sampling with keynonkey SS  . Then, we consider the case wherein the key bands have an 

increased sampling rate with respect to the non-key bands, i.e., keynonkey SS  . In these two situations, 

PSNR results are averaged over only the non-key bands. A summary of the results from the four 

methods is presented in Table 1. 

Table 1. Average PSNR in dB for scene1 and scene2 

keyS  2DCS 3DCS 
3DCS-SP-same 

keynonkey SS   

3DCS-SP-diff 

keynonkey SS   
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Scene1 

0.1 24.8286 27.3570 30.6060 33.3398 

0.2 25.9862 29.9534 34.4562 36.1930 

0.3 27.4717 32.7602 37.5218 38.5438 

0.4 29.0886 34.4642 39.5542 40.3028 

0.5 30.7660 36.2892 41.7059 42.1305 

Scene2 

0.1 27.4299 32.8656 38.3287 42.2025 

0.2 29.9530 36.3948 42.2967 44.0664 

0.3 32.0796 39.5557 44.3437 44.9072 

0.4 33.8587 41.2981 45.1479 45.3674 

0.5 35.4185 42.7288 45.5561 45.5965 

 

Since the key bands constitute only a small number of the total bands in hyperspectral images, and 

they serve somewhat as “anchors” to the spectral prediction process of reconstruction in a GOB, it is 

reasonable to consider the situation in which key bands are given a higher sampling rate than the non-

key bands such that they are reconstructed with higher quality. Thus, we perform a battery of 

experiments which measure the PSNR when the sampling rate for key bands is increased beyond that 

of the non-key bands. Figure 3 depicts the performance of 3DCS-SP-diff when 
8.0keyS

 while keynonS   

varies between 0.1 and 0.5. PSNR is averaged over all non-key bands of two hyperspectral data. 

3DCS-SP-same refers to the sampling rate of key bands and non-key bands are the same, while 3DCS-

SP-diff means the sampling rate are different. The sampling rate in the experiment are 8.0keyS  and 

keynonS 
 varies between 0.1 and 0.5. In these graphs, we also compare the 3DCS-SP results with 3DCS 

without residual reconstruction. As expected, the residual reconstruction method with prediction from 

reconstruction of the key bands results in a significant performance improvement for 3DCS-SP-diff. 

From the right of Figure 3, we can discover that our method shows a great advantage especially at a 

lower sampling rate. The PSNR of method 3DCS-SP-diff is up to 9dB higher than 3DCS without 

residual reconstruction. 

We now compare the performance of 3DCS-SP to that of the technique of [20]. In this technique, the 

image is partitioned into smaller blocks. The sampling of the image is driven by random matrices 

applied on a block-by-block basis, while the reconstruction is a variant of projected Landweber 

reconstruction that incorporates a smoothing operation intended to reducing blocking artifacts. And 

in this paper, in order to compare our sampling method with this BCS method, we also use the spectral 

prediction in the reconstruction process, so the method is denoted as BCS-SP. Here, we compute the 

PSNR to evaluate the performance of the sampling method. The result of this experiment is shown in 

Figure 4 (the suffix 'same' and 'diff' has the same meaning as before). The sampling rate of the key 

bands and non-key bands are same in the left of Figure 4, we can see that our method has the highest 

PSNR among the three methods, and the technique BCS is the lowest. The result also depicts that our 
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sampling method 3DCS without spectral prediction in the reconstruction process can also achieve 

higher PSNR than the sampling method BCS with residual reconstruction. In the right of the figure, 

at the lower sampling rate, the method BCS-SP will give a better result than 3DCS, whereas, the 

situation has changed a little bit with the sampling rate increasing. But, we can still conclude that our 

proposed residual reconstruction plus sampling method 3DCS can give the best reconstruct results 

whatever the sampling rate is. 

 

(a) Scene1                           (b) Scene2 

Fig 3. Performance of method 3DCS-SP at different situation. 

 

 

 

(a) same                                                   (b) different 

Fig 4. Comparison to the technique due to James E.Fowler. 

4. CONCLUSION 

In this paper, we focused on reconstruction driven by 3D circulant convolution sampling process, 

employing the spectral prediction to improve the reconstruction quality. While independent 

reconstruction is fast and straightforward, improved reconstruction quality resulted from exploiting 
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the spectral prediction and the different sampling rate of the key bands and non-key bands is very 

effectively especially in the reconstruct of hyperspectral images. Incorporating reconstruction from a 

spectral prediction based residual, the 3DCS-SP technique we proposed here alternatively 

reconstructs residual arise from the spectral prediction and the original data to improve the quality of 

the non-key bands. 

Extensive experiment results demonstrate that our proposed residual reconstruction can obtain higher 

PSNR over 3DCS that does not utilize the correlation of the adjacent bands in the reconstruct process. 

In order to study how the sampling rate of key bands and non-key bands influence the reconstruct 

results, we have compared the results of our method 3DCS-SP-same and 3DCS-SP-diff. For different 

hyperspectral images, when the sampling rate of key bands is larger than the non-key bands (denoted 

as 3DCS-SP-diff), the method will get better reconstruct result especially the sampling rate of the 

non-key bands is at a lower level. In addition to this, we compare our proposed method 3DCS-SP and 

the existing sampling method BCS which use our residual reconstruction algorithm in the reconstruct 

process. We also consider the different sampling rate for key or non-key bands, and the results 

consistently show that our sampling method 3DCS incorporating our residual reconstruction is very 

efficient in the compressive of hyperspectral images whatever the sampling rate is. 
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