
Abstract
A new classification method that employs both spatial and spectral 
information for classification of multichannel remotely sensed 
images is proposed.  In this approach the input image data set is 
first segregated in to mixed and pure pixel subsets using an edge-
directed model based on vector ordered morphological gradient 
operators. The resultant pure pixel image subset is classified using 
solely spectral content, whereas classification of mixed pixel 
subset is performed using a combination of spectral and spatial 
information. The proposed method alleviates the computational 
complexity involved in generating spatial information by limiting 
the use of this information to a generally small subset of pixels 
marked as mixed. The method was tested and accuracy assessed 
on an airborne hyperspectral image and a multispectral satellite 
image.  Experimental results show the effectiveness of the proposed 
approach. The results obtained when compared with the results of 
conventional classifiers indicate that the higher accuracies can be 
chieved with the use of this optimized classification method.
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I. Introduction
Conventional pixel by pixel classifiers of remote-sensing data 
are based on signal modeling where statistical signal-based 
classification algorithms are applied on spectral information of 
each pixel vector and the pixel is assigned to the class that has the 
most similar statistical spectral characteristics.  Commonly used 
classifiers, like Maximum Likelihood (ML) classifier, are based 
on this approach. Many traditional classifiers can be enhanced 
by inclusion of spatial and contextual information. High spatial 
resolution data contains a lot of contextual information that can be 
employed to achieve higher discrimination of various spectrally 
similar classes. Consequently, various classifiers using joint 
spectral and spatial information were proposed and studies done 
have shown improved classification accuracy [1]. Majority of the 
combined spatial and spectral methodologies presented act on 
a single-band image [2,3]. Linear extension of these grayscale 
techniques to multi- or hyperspectral data will not be meaningful due 
to the problem of ordering relation for different band values of the 
same pixel and the computation intractability introduced due to the 
dimensionality of the multi-valued data. Application of grayscale 
methods to each band of a multiband image is not recommended 
due the existence of inherent correlation between the spectral 
components of various bands and a possible of loss of information 
due to the introduction of extrinsic pixel data values. The concept 
of vector-valued signals [4,5] where different components contain 
different parts of the signal spectrum, is commonly employed for 
handling multi-channel data by treating the data at each pixel as 
a vector. Various pixel vector methods, using Markov random 
 fields [6], multi-channel mathematical morphology [7], and 

textures [3,8] for incorporating spatial and spectral data in to the 
classification  process were proposed. The main drawback of most 
of these methods is the high computational time even for moderate 
sized data sets. Most of the current methods available for multi- 
or hyperspectral data analysis are either pure pixel techniques, 
where each pixel is considered to be spectrally homogenous, or 
mixed pixel techniques where each pixel is treated as essentially 
spectrally heterogeneous. Many a times, an image set is often a 
combination of heterogeneous and a vast majority of homogenous 
pixels. Limiting the application of expensive joint spectral and 
spatial feature extraction to heterogeneous areas, while using pure 
spectral techniques on homogenous areas, will likely result in 
significant performance boost of the classification accuracy while 
keeping the computation cost within an acceptable range. This 
paper proposes an efficient and elegant method for alleviating the 
complexities introduced in joint spectral and spatial classification 
of multi- or hyperspectral remotely sensed images. The input data 
set is first segregated into pure and mixed pixel subsets using edge 
detectors based on multichannel mathematical morphological 
gradient operators. Pixels identified as pure are classified using 
spectral data alone, whereas classification of pixels marked as 
mixed employs both spectral and spatial information.  The method 
has been implemented and evaluated using a multispectral satellite 
image and a hyperspectral airborne image. This paper is organized 
in to five sections. Section II, provides an overview of the proposed 
algorithm, section III, addresses the segregation process, section 
IV, gives the details of the experimental setup and results are 
discussed in section V, Section VI concludes the paper.

II. Proposed method
The flowchart of the proposed classification method is shown 
in Fig. 1. As an input, a N-band multi- or hyper spectral image 
is given, which is considered as a set of n pixel vectors.  The 
purpose of the classifier is to assign each pixel vector to one of 
the K classes of interest.
In the first step, a pre-processed N band data set containing of n 
pixel vectors is run through a pixel segregator that creates two 
subsets, one containing the entire set of pure pixel vectors and the 
other containing the subset of pixels deemed as mixed.

Fig.1: Flow chart of the proposed scheme
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In the second step, the pure pixel vector subset is classified using 
a pixel-wise SVM classifier with a feature set made of only the 
radiance values of all the bands. The mixed pixel vector subset is 
classified using joint spatial and spectral information. The spatial 
features that serve as input to the SVM consist of texture values 
calculated using gray level co-occurrence matrix computed on 
selective bands of the multi- or hyperspectral image. Each mixed 
pixel is then assigned the class label of the median pixel in the 
immediate 3x3 neighborhood. In the final step, the classification 
maps obtained from the previous phase are merged together to 
yield the final classification map.

III. Pixel vector segregation scheme
The segregation technique developed is based on the observed 
properties of edges. Edges in any image formation model 
correspond to changes in discontinuities of physical properties. 
Generally, edges indicate overlap of two or more homogenous areas 
and thus, majority of the mixed pixels lie on the edges. Though 
edge detection in gray valued images is well studied, the task is less 
well defined in multi- or hyperspectral images. Techniques based 
on clustering [9], manifold learning [8], multivariate statistical 
approaches [10] were proposed to extract edges. Many of these 
techniques though perform satisfactorily on multi-spectral images, 
are not well suited for higher dimensional hyperspectral images. 
Approaches based on morphological gradient operators built 
using vector order statistics possess good noise immunity, are 
computationally light and seem to scale relatively well. Here, a 
fast and efficient edge detector based on morphological gradient 
operators is used.
Morphological gradient operators enhance intensity variation in 
images and hence help identify edges [4]. The classical definition 
of morphological gradient of a grayscale image f is:

gB(f) = δB(f) - εB(f)   
                    
where ε indicates erosion and δ indicates dilation for a structuring 
element B. The above equation could be rewritten as:

gB(f) = max {f(x)} – min {f(x)}, ∀ x Є B.

Following the notation in [4], considering a multichannel image 
f of N dimensions as a set of pixel vectors {X1, X2, …, Xn}, and 
distance metric d to evaluate the distance between two vectors, 
the grayscale gradient equation can be extended to multi- or 
hyperspectral images to give extended morphological gradient 
(EMG) as:

EMGB(f) = max{d(Xi)} – min{d(Xi)},  ∀Xi Є B

In the above equation max{d(Xi)} results in choosing the pixel 
vector that is least similar to the neighborhood B and, likewise, 
min{d(Xi)} gives the pixel vector that is most similar to the rest 
of the pixel vectors in B. EMG, thus, gives the distance between 
two vectors that are the furthest apart in the set and effectively 
creates an edge map.
The distance metric d chosen here is given by:

di = Σ ||Xi-Xk||p ∀k Є B, where p is a norm.

Computing the EMG and applying a suitable threshold yields the 
edge contours. The pixels lying on these contours are marked as 
mixed and all other pixel vectors are labeled as pure.

IV. Data and Experimental Setup
Experiments have been carried out on the following data sets
1. Hissar dataset: IRS-P6 satellite image of the city of Hissar 

in the state of Haryana, India. The image acquired by LISS-
IV camera has a size of 512 x 512 pixels. LISS-IV camera 
is a multi-spectral high resolution camera with a spatial 
resolution of 5.8m at nadir. In multi-spectral mode data is 
collected in Green, Red and NIR bands. Fig. 2(a) shows a 
composite image of the chosen site. Ten classes of interest 
have been identified. For training, 100 pixels per class were 
chosen based on visual inspection.

2. Indian Pines dataset: A 220 band hyperspectral image of a 
vegetation area in Indian Pines site in Northwestern Indiana 
recorded by AVIRIS sensor [11]. The image is of 145x145 
pixels, with a spatial resolution of 20m/pixel. A three band 
false color image is shown in Fig. 3(a). Sixteen classes of 
interest have been considered. Training samples have been 
chosen from the available ground reference data. 

Pixel segregation scheme was implemented in C and EMG was 
computed using a L2-norm as distance metric between the pixel 
vectors and a 3x3 structuring element and the classification was 
done using SVMs built with libsvm [12]. As Radial Basis Function 
(RBF) kernels are shown to be very effective for pixel-based 
classification of remotely sensed data [13], only RBF kernels 
were used for the current experiments. Optimal parameters for 
the RBF kernel function were found using the cross validation 
procedure.
After the cross validation resulted in optimal parameters for the 
SVM, the training set was used to train the SVM. The test data 
was then input to the trained SVM classifier to derive both pure 
and mixed pixel classification maps. These two maps are then 
merged to get the final thematic class map.

V. Discussion of Results
To assess the performance of the proposed scheme, the achieved 
overall classification accuracy is evaluated against the results 
obtained by standard pixel-wise spectral SVM and ML.
In the Hissar data set 10 classes of interest are considered. Pixel 
segregation is done using the technique presented in previous 
section and about 26% of the pixels were identified as mixed. Fig. 
2(b) gives mixed pixel map derived using EMG operator. Final 
classification map of the proposed classification scheme is given 
in Fig. 2(c). For visual comparison, the classification map obtained 
by using a full spectral pixel-wise SVM classifier is shown in 
Fig. 2(d). As can be seen from Table 1, though the classification 
accuracy achieved by ML classifier is already remarkable and the 
SVM spectral pixel-wise surpasses the accuracy of ML classifier, 
the proposed scheme yields even higher accuracy.

     
(a)     (b)
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(c)    (d)  
Fig. 2 : Hissar image (a) Three band color composite. (b) Mixed 
pixel map, mixed pixels are shown as dark pixels. (c) SVM 
pixel-wise spectral classification map. (d) Proposed scheme 
classification map.
For the Indian Pines data set, about 35% of the pixels were deemed 
as mixed pixels and the mixed pixel map is shown in Fig. 3(b), 
and the final classification map of the proposed scheme is given 
in Fig. 3(d). The accuracies achieved by different classifiers when 
applied to this dataset are given in Table 1 and it can be seen that 
the proposed classifier outperforms the other two classifiers.

    
(a)                                  (b)

    
 (c)            (d) 
Fig.3 : Indian Pines image (a) Three band color composite. (b) 
Mixed pixel map, mixed  pixels are shown as dark pixels. (c) 
SVM pixel-wise spectral classification map. (d) Proposed scheme 
classification map.

Table 1. Overall classification accuracies in percentage for Hissar 
and Indian Pines datasets

Hissar
Data set

Indian Pines
Data set

SVM 88.09 79.76
Proposed 
scheme 91.46 83.87

ML 85.74 76.71

Visual interpretation between classified thematic maps reveals 
the differences in the results between SVM and proposed 
classification methods. The proposed method produces better 
defined homogeneous areas and reduces salt and pepper effect. 
The computational cost involved in identifying the mixed pixels 

and extracting the spatial information was on average only 40% 
more than the conventional SVM pixel-wise spectral classifier. 
Performing the spatial detail computation on all the pixels would 
have resulted in adding a computational overhead of more than 
130%. These results prove the effectiveness and efficiency achieved 
by the proposed classification procedure and also demonstrates 
that the method is effective on multi- or hyperspectral images.

VI. Conclusion
The objective of developing the proposed classification method 
was the need for incorporating spatial information into image 
classification process without incurring a huge overhead in terms of 
computational performance. The proposed methodology succeeds 
in satisfying this need by taking advantage of the fact that tradeoff 
between accuracy and computation cost is maximized by limiting 
use of spatial features only for mixed pixel classification.
Though, the method performs well, it still works as a full-
pixel technique. Spectral unmixing techniques can be used 
to obtain further accuracies. Future work would also involve 
pursuing dimensionality reduction and evaluating the use of 
other morphological gradient operators and distance metrics to 
further lower the computational cost and increase classification 
accuracy.
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