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ABSTRACT  

Although hyperspectral technology has continued to improve over the years, its use is often still limited due to size, weight 
and power (SWaP) constraints. One of the more taxing requirements, is the need to sample a large number of very fine 
spectral bands. The prohibitively large size of hyperpsectral data creates challenges in both archival and processing. 
Compressive sensing is an enabling technology for reducing the overall processing and SWaP requirements. This paper 
explores the viability of performing classification on sparsely sampled hyperspectral data without the need of performing 
sparse reconstruction. In particular, a spatial-spectral classifier based on a Support Vector Machine (SVM) and edge-
preserving filters (EPFs) is applied directly in the compressed domain. The well-known Restricted Isometry Property (RIP) 
and a random spectral sampling strategy are used to evaluate analytically, the error between the compressed classifier and 
the full band classifier. The mathematical analysis presented shows that the classification error can be expressed in terms 
of the Restricted Isometry Constant (RIC) and that it is indeed possible to achieve full classification performance in the 
compressed domain, given that sufficient sampling conditions are met. A set of experiments are performed to empirically 
demonstrate compressed classification. Images from both the Airborne Visible / Infrared Imaging Spectrometer (AVIRIS) 
and Reflective Optics System Imaging Spectrometer (ROSIS) are examined to draw inferences on the impact of scene 
complexity. The results presented clearly demonstrate the possibility of compressed classification and lead to several open 
research questions to be addressed in future work.  
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1. INTRODUCTION  
 
Hyperspectral sensing technologies have found success in a variety of applications such as agricultural surveys, land use 
mapping, food inspection, medical imaging and surveillance. Although hyperspectral technology has continued to improve 
over the years, its use is often still limited due to size, weight and power (SWaP) constraints. One of the more taxing 
requirements, is the need to sample a large number of very fine spectral bands. The high band count requires very fast and 
expensive analog-to-digital converters (ADCs), high capacity on-board storage and optimized computational hardware 
and software to allow for real-time processing. Such requirements limit the utility of many applications, and preclude the 
use of hyperspectral technologies in some application spaces entirely. 

Compressive sensing techniques offer the potential of reducing the burdens imposed by the required sample rates. 
However, to fully exploit these benefits, hyperspectral algorithms must be applied directly in the compressed domain and 
ideally without an appreciable loss of performance. In this paper, the task of hyperspectral classification in the compressed 
domain is specifically considered. Two major contributions are made. First, error expressions between the full and 
compressed domains are derived for the linear support vector machine. This error expression shows, analytically, that full 
performance is indeed achievable in the compressed domain for sufficient sampling conditions. Second, a series of 
experiments are performed to demonstrate compressed classification of hyperspectral datasets. The experiments include 
two images of varying scenes from different sensors, and illustrate the effects of scene complexity.    
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2. SPARSE HYPERSPECTRAL SAMPLING 
 
Compressive sensing (CS), or sparse sampling, is a sensing paradigm that, under the right circumstances, is able to recover 
signals of interest at sub-Nyquist sample rates, using non-adaptive strategies. As the name implies, compressive sensing 
is the process of acquiring information in an already compressed state. The full signal can later be uncompressed, or 
recovered, using one of many sparse recovery algorithms. 
 
 
 
2.1 Compressive Sensing Framework 

The sparse sampling process, for an 𝐿 × 1 signal of interest 𝒓 and an 𝑚 × 1 sparsely sampled signal 𝒚, can be defined 
mathematically as shown in (1). 

 𝒚 = 𝚽	𝚿𝒓+ 𝒏 (1) 

 

In this equation, 𝚿 is an 𝐿 × 𝐿 sparsifying transformation matrix,  𝚽 is an 𝑚 × 𝐿 sampling matrix and 𝒏 is an 𝑚 × 1 error 
vector. Such sampling strategies depend on two key principles: sparsity and incoherence [1]. The signal of interest, 𝒓, must 
be sparse when expressed in the appropriate basis, 𝚿, and must be sampled in a basis, 𝚽, that is maximally incoherent 
with the representation basis. 

Contrary to dimensionality reduction methods, such as Principal Component Analysis (PCA) [2], compressive sensing 
strategies must be implemented without knowledge of the full signal and, therefore, rely on probabilistic convergence 
guaranteed under specific conditions. The restricted isometry property (RIP) [1] is a very important property that is 
typically imposed in CS to guarantee that relative measures of distance are maintained between the original and 
compressed signal domains. The RIP, for a signal 𝒓, with sparsity level 𝑘, is defined mathematically as shown in (2). 

 (1 − 𝛿1)‖𝒓‖44 ≤ ‖𝚽𝒓‖44 ≤ (1 + 𝛿1)‖𝒓‖44 (2) 

 

Here, 𝛿1, defined as the restricted isometry constant (RIC), is the smallest possible constant that satisfies the equation for 
all 𝑘-sparse vectors in 𝒓. As the dimensionality of the sparse vector, 𝑚, approaches the dimensionality of the original 
signal, 𝐿, the RIC approaches zero resulting in an exact preservation of lengths. 

 

2.2 Compressive Sensing of Hyperspectral Pixel Vectors 

One the most difficult challenges in designing a compressive sensing system is to identify the domain in which the signal 
of interest is optimally sparse. Previous works have suggested the use of the discrete cosine transform (DCT) [3], wavelet 
transforms [4], and dictionary learning approaches [5]. Fortunately, knowledge of the sparsifying basis is only required 
for the reconstruction process and can be ignored for compressed algorithms [6]. The simplified model, shown in (3), can 
be adopted, based on a random sampling strategy and the utility of universality [7]. 

 𝒚 = 𝚽𝒩𝒓 (3) 

 

The sampling matrix can be constructed from any distribution that satisfies the concentration measure of inequalities [7]. 
For this family of sampling matrices, it can be shown, with overwhelming probability, that RIP is satisfied given that 

 𝑚 ≥ 𝐶 ∙ 𝑘 log(𝐿/𝑘) (4) 
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where 𝐶 is a constant that depends on each particular instance. For this work, the Gaussian distribution is specifically 
chosen, where each element is distributed as 𝜙?@~𝑁(0,1/𝐿) and the columns are normalized to unit length.  

 

3. HYPERSPECTRAL CLASSIFICATION 
Classification is one of the many tasks performed on hyperspectral images. The spectral diversity intrinsically available in 
hyperspectral data can be leveraged directly as classification features. Hyperspectral classification continues to be a very 
active area of research utilizing state-of-the-art classifiers, such as deep neural network architectures [8][9][10], kernel-
based discriminators [11][12], statistical learning theory [13], and complex feature strategies based on both spatial and 
spectral features [14][15][16]. For this work a joint spectral-spatial classifier based on a support vector machine and edge 
preserving filters is employed to demonstrate classification in the compressed domain. 

 

3.1 Linear Support Vector Machines 

The support vector machine (SVM) [17] is a popular classifier that has been successfully applied in hyperspectral 
applications and is well understood in the machine learning and pattern recognition communities. The SVM is a binary 
discriminant function that defines an 𝐿-dimensional hyperplane separating two classes described by 𝐿 features. The linear 
SVM can be defined as the discriminant function shown in (5), where the weight vector 𝝎 bias 𝑏 are maximized using a 
maximum margin objective function, subject to ||𝝎|| = 1. A hard classification of unknown inputs is performed by 
observing the sign of the output, where positive values belong to one class and negative values belong to the other. 
Although, the SVM is natively a binary classifier, it is often extended to multinomial classification problems through the 
use of a binary extension strategy, such as one-vs-rest or one-vs-one. 

 𝑓(𝒓) = 𝝎I𝒓 + 𝑏 (5) 

 

To make SVMs more mathematically convenient, the Representer Theorem [18] is often leveraged. The theorem states 
that, with appropriate constraints, 𝝎 can always be written as a linear combination of the training data, 𝝎 = ∑ 𝛼@𝑑@𝒓@IM

@NO , 
where 𝑑@ ∈ {−1,1} is the training label, 𝛼@ ∈ [0,1] is a linear coefficient and 𝑁 is the total number of training samples. 
Substituting this relationship, the linear SVM discriminant function can also be written as shown in (6), where the bias 
term is implicitly included in the weight vector. In general, most values of 𝛼@  will be zero and the non-zero values are 
referred to as the support vectors. In this form, the SVM is completely described by the choice of the support vectors, 
which are typically solved for iteratively. 

 
𝑓(𝒓) =U𝛼@𝑑@𝒓@I𝒓

M

@NO

 
(6) 

 

Classification in the compressed domain can be represented using a modification of the discriminant function that includes 
the sparse acquisition matrix. The compressed discriminant function then takes the form shown in (7), where the subscript 
𝑠, for 𝛼, denotes the fact that the SVM in the compressed domain is not guaranteed to use the same support vectors or bias. 

 
𝑓W(𝒓) =U𝛼WX𝑑@Y𝚽𝒓@Z

𝐓
𝚽𝒓

M

@NO

 
(7) 

 

To examine the performance of the support vector in the classified domain, an error function can be constructed between 
the original and compressed domains. Let ϵ = |𝑓(𝒓) − 𝑓W(𝚽𝒓)| denote the absolute error between the fully sampled and 
the sparsely sampled classifiers.  
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ϵ = ]U𝛼@𝑑@𝒓@I𝒓

M

@NO

−U𝛼WX𝑑@Y𝚽𝒓@Z
𝐓
𝚽𝒓

M

@NO

] 
(8) 

 

In general, it is impossible to derive a closed form solution for this expression since the support vectors are solved 
iteratively in practice. Additionally, there is no guarantee of a unique solution when solving for these model parameters. 
To simplify the analysis, the support vectors are chosen, without guarantee of optimality, to be the same in the sparsely 
sampled domain. This implies that 𝛼WX = 𝛼@, ∀	𝑗, reducing the error function as shown in (9). 

 
ϵ = ]U𝛼@𝑑@ `𝒓@I𝒓 − Y𝚽𝒓@Z

𝐓
𝚽𝒓a

M

@NO

] 
(9) 

 

Furthermore recognizing that 𝒓@I𝒓 = b𝒓@b4
4
, the classification error can be defined as: 

 
𝜖 = ]U𝛼@𝑑@ db𝒓@b4

4
− b𝚽𝒓@b4

4
e

M

@NO

] 
(10) 

 

Given that the sampling matrix, 𝚽, satisfies the RIP in equation (2), the error can be re-written as an inequality in terms 
of the RIC, 𝛿1, as 

 
𝜖 ≤ ]U𝛼@𝑑@ db𝒓@b4

4
− (1 − 𝛿1)b𝒓@b4

4
e

M

@NO

] 
(11) 

 

 

Expanding the RIC term and simplifying, the final error can be written as 

 
𝜖 ≤ ]U𝛼@𝑑@b𝒓@b4

4
𝛿1

M

@NO

] 
(12) 

 

It follows that the classification error is directly bounded by the RIC and will go to zero for all 𝑚 that satisfy the condition 
shown in (4), as 𝛿1 goes to zero. This derivation demonstrates that it is indeed possible to approach full classification 
performance in the compressed domain, for sufficient sampling conditions. 

 

3.2 Edge Preserving Filters 

Spatial correlation between neighboring pixels must be taken into to achieve state-of-the-art hyperspectral classification 
performance. To provide the aid of special context, guided edge-preserving filters (EPF) are applied to the classifier [16]. 
In this approach, the spatial-spectral classification process is treated as a probability optimization problem. The initial 
pixel class probabilities are determined by a spectral only classifier, such as the support vector machine in this case, and 
then refined by an edge-preserving filtering process. Specifically, the guided  EPF filter based on a 3 channel principal 
component image, as described in [16], has been used for all experiments. A description of the full classification algorithm 
is shown in Table 1. 
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Table 1. Edge Preserving Filter Classification Algorithm 

Edge Preserving Filter Classification Algorithm 
Input: A hyperspectral image 𝑅 ∈ 𝔑Mh×Mi×j 

1. Generate a classification map, 𝐶klm ∈ 𝔑Mh×Mi, using any pixelwise classifier.  
2. Generate an initial binary probability map, 𝑃?,o ∈ [0,1], by assigning the pixelwise class to each respective 

channel as 𝑃?,o = p1, 					𝑖𝑓	𝑐? = 𝑙
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

3. Optimize the probability map by applying an edge preserving filter, 𝑃z?,{ = ∑ 𝑊?,@(𝐼)𝑃?,{@ , where the weights, 
𝑊?,@ , depend on the choice of EPF and the guidance image 𝐼.  

4. Generate the final classification map by choosing the class with the highest probability 𝐶~�� = 𝑎𝑟𝑔	 max
O�{��

𝑃z?,{  

Output: A final classification map, 𝐶~�� ∈ 𝔑Mh×Mi  
 

4. EXPERIMENT 
Simulated experiments were performed comparing the accuracy of the support vector machine on fully sampled and 
sparsely sampled hyperspectral data. Two images were used in total; one scene was selected from the Airborne Visible / 
Infrared Imaging Spectrometer (AVIRIS) [19] and one scene was selected from the Reflective Optics System Imaging 
Spectrometer (ROSIS) [20]. The AVIRIS is an aircraft-based hyperspectral sensor with 224 contiguous bands over the 
400-2500 nm spectrum with 10 nm spectral resolution. The selected AVIRIS image was collected over Purdue’s Indiana 
Indian Pines test site and is composed of a mixture of agriculture and forestry with 20m spatial resolution [21]. It is a well-
known benchmark dataset for hyperspectral classification and consists of 200 spectral channels after removal of the water 
absorption bands. The provided ground truth includes 16 classes and background (BKG) samples as shown in Figure 1. 

 
Figure 1. Indian Pines ground truth image. 

 

ROSIS is an aircraft based hyperspectral sensor with 115 contiguous bands over the 430-860 nm spectrum with a spatial 
resolution of 1.3-meter per pixel and spectral resolution of 4 nm (12 most noisy channels were removed before 
experiments). The sensor was originally designed for resolving fine spectral structures and has produced several images 
that have been widely used within the literature. One ROSIS image was used for the experiments, the Pavia University 
image scene [22] which is another well-known benchmark dataset for hyperspectral classification. The image has 1.3m 
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spatial resolution and consists of 102 spectral channels after removal of the water absorption bands. The image was 
collected over Pavia, northern Italy and is composed of urban scenes. The provided ground truth consists of 9 different 
classes and is shown in Figure 2. 

 
Figure 2. Pavia University ground truth image. 

 

4.1 Experimental Setup 

The sparse hyperspectral pixel vectors were modelled using random Gaussian sensing matrices with 𝑚 samples taken. The 
number of compressed bands, 𝑚, was varied from five up to the full band number of bands for each image.  Additionally, 
the sampling noise, 𝒏, has been omitted for simplicity. The RBF-based SVM was used as the spectral classifier, with the 
tuneable kernel parameter set to 0.72 and 0.64 for Indian Pines and Pavia University, respectively. The analytic proof of 
convergence for the RBF kernel SVM is left for future work. The edge preserving filtering process was based on a guided 
filter with a color guidance image, based on the first 3 principal components, i.e., EPF-G-c. 

For each experiment, the pixel vectors were randomly partitioned into training and test sets following the same set-up 
described in [16]. The exact number of training and test samples are tabulated in Table 2 and Table 3, for the Indian Pines 
and Pavia University images, respectively. 

 

Table 2: Indian Pines training and test sample counts 

Class Name Training Samples Test Samples Class Name Training Samples Test Samples 

Alfalfa 25 21 Soybean-notil 81 891 

Corn-notil 83 1345 Soybean-mintil 99 2356 

Corn-mintil 78 752 Soybean-clean 73 520 

Corn 68 169 Wheat 70 135 

Grass-pasture 79 404 Woods 90 1175 

Grass-trees 78 652 Building 65 321 

Grass-mowed 14 14 Towers 46 47 
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Hay-windrow 66 412 BKG 0 10,076 

Oates 10 10    

 

Table 3: Pavia University training and test sample counts. 

Class Name Training Samples Test Samples Class Name Training Samples Test Samples 

Asphalt 286 6345 Bare Soil 285 4744 

Meadow 286 18363 Bitumen 285 1045 

Gravel 285 1814 Bricks 285 3397 

Trees 285 2779 Shadows 285 662 

Metal  285 1060 BKG 0 164,624 

 

4.2 Classification Accuracy in the Compressed Domain 

Classification accuracy was selected as the primary performance metric. The individual class accuracy is defined as shown 
in equation (13). In this form, M represents the total number of classes and 𝑛?@  represents the number of samples in the ith 
class that have been classified in the jth class. To reduce this down to a single metric, the average accuracy (AA) is defined 
as shown in equation (14). Finally, the overall accuracy (OA) is an additional summary metric that is defined as shown in 
equation (15). 

 𝑃�(𝐶?) =
𝑛??

∑ 𝑛@?m
@NO

 (13) 

 

 
P�� =

1
𝑀
U𝑃�(𝐶?)
m

?NO

 
(14) 

 

 
𝑃�� =

1
𝑁
U𝑛??

m

?NO

 
(15) 

 

𝑃�� and 𝑃�� are calculated for both images and plotted in Figure 3 versus m-compressively sensed bands (CSBs) with m 
ranging from 1 to 220 where the plots had a large jump around 30 CSBs, and then began flat after 100 CSBs with near full 
band performance. As can be seen in the figure the maximum performance was achieved using approximately 50% of the 
total number of CSBs. The range of accuracy for this image is significant with just over a 20% difference in accuracy 
between the minimum number of CSBs and using full CSBs. This particular image has most imbalanced classes and was 
also the most difficult one among the four images that were tested. The presented results are in line with many of the 
performance measures reported in the literature. For the ROSIS image, both accuracies converged quickly between 20 and 
40 CSBs. This ROSIS image showed a similar trend to the AVIRIS image. There is an exponential increase in performance 
for the lower number of CSBs. Similarly, the range of accuracy values between the fewest CSBs and the full band 
performance is quite significant with a total difference of about 15% for the overall accuracy and 20% for the average 
accuracy.  
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Figure 3. Classification accuracy results. Indian Pines (left) and Pavia University (right). 

 

5. CONCLUSION 
Hyperspectral classification in the compressed domain was explored in this work with the motivation of enabling low-
cost, low-SWAP Hyperspectral designs. Error bounds were derived between the full band and compressed band classifier 
for the linear support vector machine. The derived bounds showed that full classification performance could be achieved 
in the compressed domain for a compressed system that satisfies the RIP condition.  

Classification experiments were performed for two different hyperspectral sensors, AVIRIS and ROSIS. The experimental 
results demonstrated that, for sufficient amounts of sub-sampling, the classification performance of the fully sampled 
domain can be achieved in the sparsely sampled domain. The experiments also highlighted the fact that the intrinsic 
sparsity of the images varied, requiring differing levels of sub-sampling to achieve full classification accuracy. These 
results also point to the important question of choosing the sub-sampling level if they scene complexity is not known a 
priori, which will be addressed in future work. 
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